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Abstract 
 
 
The past decade has seen great interest concerning the development of artificial 
sensing devices; most notably optoelectronic tongues and noses. Utilizing previous 
research on how the mammalian gustatory and olfactory systems operate, significant 
progress in mimicking these systems has been realized. The turning point in this field of 
research has been the discovery that the mammalian senses of smell and taste are not 
based on specific receptors for each stimulant, but rather an array of semi-specific 
receptors that function simultaneously to produce a pattern. This pattern is interpreted in 
the brain, and classified either as a known stimulant or a new analyte similar to a known 
family of tastes or odors.  
As a predominantly visual species, we are programmed to acknowledge visible 
reports to chemical reactions over alternative reporting methods. Thus, colorimetric 
sensing can be more advantageous than other techniques and can allow for a greater 
number of chemical reactions to be probed.  
One colorimetric approach to sensing involves the immobilization of cross-responsive 
chemosensors capable of showing a color change upon reaction with analytes or mixtures 
of analytes. The employment of porous glasses as an immobilization technique has 
allowed for facile detection of analytes, both aqueous and gaseous, by allowing dye-
analyte interactions to occur while preventing the sensor dye from escaping from the 
matrix. In this manner, colorimetric sensor arrays have been fashioned that are capable of 
discriminating among structurally similar compounds such as sugars, while retaining the 
ability to detect a wide range of analytes including toxic industrial chemicals. 
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For aqueous detection, the newly developed porous glasses successfully immobilized 
otherwise soluble dyes that could detect changes in solution pH, caused by boronic acid-
diol interactions. This allowed for rapid and sensitive detection and identification of 
natural and artificial sugars and sweeteners. Further experiments showed the array’s 
ability to differentiate between a selection of common table-top sweeteners such as 
Equal®, Sweet’N’Low®, Splenda®, and natural sugars. 
Gas sensing applications were made possible by slight modifications to the liquid 
sensing array. Hydrophobic silica precursors were added to limit the effect of changing 
humidity on the array, and printing onto flat, non-porous polymer surfaces gave fast and 
easy accessibility of incoming analytes to the immobilized indicators. Stable and 
sensitive colorimetric arrays for the detection and semi-quantification of a large number 
of toxic industrial chemicals was made possible by the inclusion of additional indicators 
capable of colorimetrically reporting changes in polarity, metal ligation, and redox 
reactions. The performances of these sensing arrays showed extremely low limits of 
detection, and were capable of identifying toxic gases within a large range of 
concentrations; ppb up to concentration immediately dangerous to life and health.  
In order to improve upon the detection limits for weakly responding gaseous analytes, 
alternative methods were developed. It was found that the immobilization of simple and 
stable color-changing dyes within chemically-reactive matrices could allow for facile and 
sensitive detection and quantification of formaldehyde.   
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Chapter 1 
Array-Based Sensing of Aqueous Analytes 
 
1.1. Introduction 
The past decades have seen enormous advances in the areas of olfactory and 
gustatory modeling as well as in the design of “electronic tongues” and “electronic 
noses”. The attempt to mimic the olfactory and gustatory systems stems from a desire to 
develop sensory techniques to rival and eventually surpass Mother Nature.  
In order to attempt to mimic nature, especially the mammalian sensing systems, it is 
important to have a full understanding of how nature has succeeded in the ability to 
detect and identify such a large variety of tastes and smells. This introductory chapter 
will provide an overview of how the mammalian gustatory system functions. 
Additionally, the development of artificial sensory platforms based on these systems will 
be discussed.  
1.2. The Mammalian Gustatory System 
The ability to taste has evolved in mammalian and other systems for many functions. 
Arguably, the most important of thesis is to warn against toxins. More specifically, 
animals depend on taste and smell in order to differentiate between which foods are 
nutritious and those which are deadly. Although many variations exist between species, 
even among mammals, the defining factor is the ability to instinctively classify and 
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discriminate among an endless number of smells and tastes. In addition, any tastes that 
have never before been encountered need to be classified as well. This need rules out the 
possibility that the gustatory system evolves new sensing receptors for each new 
stimulant it encounters. Instead, a complex collection of semi-specific detectors work 
together as a continuum in order to produce a large library of tastes from only five main 
taste receptors. This would account for the ability to encounter a new stimulant and easily 
classify it into a family of tastes. 
1.2.1. The Tongue 
In recent years, a number of reviews covering topics associated with how we turn a 
chemical interaction on the tongue into a taste in the brain have been written.1-13 Many of 
these reviews are focused on the tongue itself, exploring taste-receptor cells and taste 
buds. As early as 1901, chemotopic representations of the human tongue had been 
developed by Hänig suggesting that while concentrations of each taste receptor could 
vary with tongue position, each area is sensitive to more than one taste quality.14 Figure 
1.1a shows the original graphic used to describe where the concentrations of various taste 
receptors could be found on the tongue, ignoring the palate, which has been shown to 
contain taste receptors, albeit a lower concentration than the anterior, posterior, and edges 
of the tongue. It is easy to see that due to gross graphical evolution (and a supposed 
mistranslation by Harvard researchers), the ‘tongue map’ displayed in numerous 
textbooks for nearly a hundred years has associated the tongues response to different 
tastes with geographical  
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Figure 1.1a.  Hänig’s 1901 chemotopic representation of the human 
tongue. The figure shows that Although certain areas of the tongue may 
be more sensitive to different tastes, no region is completely selective. 
Several bastardizations of the original diagrams resulted in a false 
‘tongue map’ displayed in numerous textbooks for nearly a century.15 
 
 
Figure 1.1b.  A typical textbook representation of the regionalism 
associated with taste and the human tongue. A mistranslation of the 
original German manuscript is to blame.16 
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positions on the tongue, for example, sweet response was associated only with the tip of 
the tongue while bitter was representative of interactions at the back (posterior) of the 
tongue (see Figure 1.1b).16  Interestingly, many  researchers still subscribe to the taste 
map, asserting that the regional preferences expressed in the human tongue should not be 
overlooked and assumed fraudulent, which could lead to the assumption that all areas of 
the tongue respond to each taste equally.  
1.2.2. Taste Receptors  
Although many camps continue to debate the issue of regional specificity, most have 
agreed that the focus should be placed on how each taste is detected. A recent review by 
Chandrashekar et al. shows an emerging picture of how taste coding works.17 The group 
goes on to acknowledge several theories as well as to describe the work done toward the 
understanding of taste receptors. A generally accepted idea regarding taste is the use of 
taste-receptor cells, buds, and papillae. Typically, groups of 50-150 taste receptor cells 
are used to form taste buds. Each taste bud is distributed among different papillae found 
across the tongue. These papillae can be classified into three categories—circumvallate 
papillae, foliate papillae, and fungiform papillae—that are regionally distributed on the 
tongue. Circumvallate papillae can be found at the rear of the tongue and typically 
contain thousands of taste buds. Foliate papillae are found on the rear edges of the tongue 
and contain hundreds of taste buds. Finally, fungiform papillae may contain as few as one 
and as many as a few taste buds each and are generally found on the front half of the 
tongue, with a heavier concentration near the front (anterior) tip of the tongue. Figures 
1.2 and 1.3 show two agreeing representations of where each papillae type is located on  
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Figure 1.2. Functional anatomy of the human tongue as portrayed by 
Mark Hoon et al. in 1999. Each type of papillae and their primary 
locations on the tongue are shown. In addition, strong regional 
‘preferences’ are represented in the tongue diagrams on the bottom.18 
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Figure 1.3.  Updated anatomy of the human tongue. In this publication 
by Chandrashekar and Hoon in 2006, the addition of umami, or savory, 
has been added and the acceptance that all “five” tastes are detected in 
all areas of the tongue.17 
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the tongue. That being said, evidence of disagreements regarding the legitimacy of 
classical tongue maps is obvious, though the co-author of both articles is the same. The 
seven years between the two publications saw an exodus from the tongue map idea to an 
acceptance of responsiveness to each taste across the entire tongue with only slight 
preferences identified regionally. 
1.2.3. Taste Buds and Encoding of Taste  
With the debate regarding the tongue map having slowly been quieted, a new 
discussion on how taste buds function and relate information to the brain has become 
more pronounced. Specifically, two opposing views on how taste qualities are encoded 
have surfaced, the “labeled-line model” and the “across-fiber models”, with the latter 
consisting of two possible models by itself.17  
In the labeled-line model, different qualities of a percept (the perceived form of 
external stimuli or their absence) such as hot versus cold or sweet versus salty are 
encoded by a separate group of cells. The information within a series of cells transmitting 
information to the brain remains within separate channels or lines. In other words, each 
receptor cell is tuned to respond to a single taste and is innervated by individually tuned 
nerve fibers. Across-fiber models suggest that either individual taste-receptor cells are 
tuned to multiple taste qualities, or that taste-receptor cells are tuned to a single taste 
quality, but in both cases the fibers carrying the information are not taste-selective. 
Figure 1.4 shows each of these models using colors to indicate specificity and various  
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Figure 1.4.  Models for taste quality encoding at the periphery. (a) 
shows the more accepted labeled-line mode in which each taste bud is 
made up of specific taste-receptor cells whose information is transferred 
in specific nerve fibers. (b,c) show two contrasting models: (b) 
represents a taste bud consisting of taste-receptor cells that are tuned to 
multiple taste qualities whereas (c) promotes selective taste-receptor 
cells. In both cases (b,c), information is transferred using non-specific 
nerve fibers capable of carrying code from any taste modality.17   
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tones of gray to indicate non-specificity. In example (a), the labeled-line method, each 
taste bud consists of specific taste receptors whose information is then transferred via 
specific nerve fibers customized to each taste. Example (b) shows the first across-fiber 
model wherein each taste bud is made up of non-  specific taste-receptor cells and the 
information is transferred through afferent fibers. In example (c), a model similar to both 
of the above models is suggested in which each taste bud is made from specific taste-
receptor cells, but the information is once again transferred through non-specific nerve 
fibers. It should be noted that more recent studies have demonstrated that different taste-
receptor cells do in fact define the different tastes suggesting the labeled-line model to be 
a better representation of how encoding is taking place. 
1.2.4. Variety of Tastes 
1.2.4.1. G-Protein Coupled Receptors for Sweet, Umami, and Bitter 
Sweet: 
It has been suggested that sweet receptors are G protein-coupled recptors (GPCRs). 
Although numerous variations of GPCRs exist, two in particular have been related to the 
sensing of sweetness, namely T1R2 and T1R3. A third T1R receptor exists (T1R1), and 
is believed to play a part in the sensing of umami which will be discussed later. Some 
studies have also discovered that the T1R3 receptor alone can respond to high 
concentrations of sugars, but not other sweet tastants.17 Typically, the functional receptor 
for sweet tastants exist as a heterodimer composed of the T1R2 and T1R3 units.17;19-22 
Although sugars can interact with the N-termini of both units, binding of most sweet 
ligands occurs on the T1R2 unit. A representation of the dimer and the binding event is  
10 
 
 
 
 
 
Figure 1.5.  The human T1R2 and T1R3 sweet receptor. As shown, the 
two G-protein coupled receptors (GPCRs), typically exist as a 
heterodimer with the T1R2 unit binding the sweet tastants.21 
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shown in Figure 1.5. The depiction shows the two GCPRs in a heterodimer configuration 
with the T1R2 unit sequestering the sweet tastants.21 Selectivity studies have also been 
performed with results shown in Figure 1.6.20 
Umami: 
The umami tastants are dominated by a broad range of L-amino acids, making them 
attractive to most mammals. However, there are only two amino acids that evoke the 
sensation described as savory, (the Japanese characters making up the word translate as 
“delicious flavor”), those two are aspartate and monosodium glutamate, or MSG. 
Research into the cell-based expression of umami tastants suggests that, similar to sweet 
receptors, taste-receptors for umami are GPCRs, more specifically, T1Rs. The 
combination of the T1R1 and T1R3 (aka, T1R1+3) results in a broadly tuned L-amino 
acid receptor in mammals.19;21-26 However, Chandrashekar et al. note that in cell-based 
assays, the human T1R1+3 complex responds much more selectively; responding to 
monosodium glutamate and aspartate “with sensitivity that recapitulates human 
psychophysical thresholds”.17 
Bitter: 
As previously mentioned, taste goes far beyond making foods and foodstuffs 
attractive; some tastes are necessary to prevent the ingestion of many toxic compounds. 
Strychnine, for example, is deadly in small concentrations to most mammals; hence, 
many mammals identify this as unpleasantly bitter. In direct proportion to the number of 
structurally varied bitterants is the number of receptors required to detect and classify 
them. Unlike receptor complexes for sweet and umami, bitter taste is mediated by  
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Figure 1.6.  T1R2+T1R3 response to sugars and other sweeteners. (a) 
Response plots show selectivity for a broad range of sweeteners; (b) 
Dose responses (upper right) to a selection of strongly coordinating 
sweeteners; (c) Response normalized using relative changes in [Ca+], 
also depicted by (F340/F380); and kinetics studies showing time and 
duration of stimulus resulting from exposures to several representative 
sweeteners.20  
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approximately 30 divergent GPCRs.27-29 Different from those employed for sweet and 
umami detection, the bitter receptors belong to a family of genes desiganated T2Rs. 
Specifically, the receptor T2R5, when blocked in mice, inhibits the sensing of most 
bitterants. Interestingly, mice, when engineered to express various receptors found only 
in humans, showed intense adversity to phenylthiocarbamide (PTC), a bitterant tasted by 
about 70% of humans, when wild-type mice did not. These studies, along with similar 
experiments, can help researchers to identify which T2R receptors are responsible for 
various bitter stimulants in humans.  
1.2.4.2. Non-GPCR-Based Taste Receptors 
Sour and Salty: 
The function of sensing sour tastes is also important for more than just appetite; acid 
sensing is also important for monitoring CO2 levels in the blood. Researchers suspect that 
sour tastants modulate taste-cell function by allowing H+ to pass through the surface of 
cells via special membrane channels.  In a similar fashion, salty tastants are believed to 
be perceived through the passage of Na+ ions through similar cell membranes.17;18 Much 
research has been conducted toward understanding the cell types, receptors and pathways 
responsible for the detection of sour tastants. Some of the ideas have included acid-
sensing ion channels, or ASICs, potassium channels, and H+-gated calcium channels, but 
recent work has isolated a member of the transient receptor potential (TRP) ion-channel 
family, particularly, PKD2L1 which demarcates sour-sensing taste-receptor cells.17;18;30  
1.2.4.3. Summary of Taste Receptors 
The five accepted tastes: sweet, umami (savory), bitter, sour, and salty, are mediated 
by sets of receptors that are specific in nature to each taste but show semi-selective 
14 
 
 
 
 
 
 
Figure 1.7.  Summary of the receptors for umami, sweet, bitter, and 
sour tastes. As discussed, the G-protein coupled receptors (GPCRs) 
function independently or as receptor pairs; T1R1+3 are used for the 
detection of umami tastes, T1R2+3 mediate sweet response, and around 
30 T2Rs function to sense bitter tastants. Sour and salty are mediated 
using ion channels, and the mechanisms are less known.17  
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Figure 1.8.  Tastant-induced activity traces that indicate nerve 
responses when innervating the tongues of wild-type and knockout 
mice. The results suggest that in mice engineered to lack the T1R1+3 
complex, no umami response was observed. Likewise, mice lacking the 
T1R2+3 complex showed no response to sweet stimuli.17 
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preferences toward tastants within each taste family (cf. Figures 1.7 and 1.8). Sweet, 
umami and bitter receptors belong to a family of G-protien coupled receptors, that can 
function as dimeric units as in cases of sweet and umami, or individually as is the case 
with bitter, relying on ~30 highly divergent receptors. Sour and salty, Although less 
understood, make use of transient receptor potential proteins to regulate ion transfer into 
and out of cells through specialized membranes. For each case, the receptors are arranged 
within taste buds that are located in papillae across the top and sides of the mammalian 
tongue.  
1.3 The Electronic Tongue 
The term “electronic tongue” has come to represent any analytical method by which 
aqueous solutions can be monitored or analyzed using technology meant to mimic the 
mammalian gustatory system. As discussed in earlier sections, the mammalian tongue 
detects and quantifies tastes such as sweet, umami, bitter, salty, and sour, not by the use 
and evolution of specific receptors, but rather by taking the overall response to many 
semi-selective receptors and further analyzing the data collected. In most cases, the 
development of an electronic tongue starts with a chip or array of sensors used to directly 
mimic the taste-cell receptors in the tongue. To accomplish this, researchers including 
Ciosek,31-37 Anslyn,38-40 Di Natale,41-46 Suslick,47-51 and others52-54 have devised methods 
by which to obtain some sort of change, for instance, a change in potential, impedance, 
fluorescence, color, or various other characteristics. These changes can be measured for 
each participating sensor and the data combined with the overall changes of every other 
sensor in the array to produce a composite “fingerprint” or pattern of change that can 
easily be compared to a library of known samples and concentrations.  
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During the past decade, scientists have continued to push the limits of electronic 
tongue technology, in many instances producing sensors that have rivaled and even 
surpassed the sensing efficiency of the human tongue. Successful electronic tongue 
technologies require the marriage of high sensitivity, accurate data collection, and strong 
chemometric analysis.55  
1.4. Array-Based Sensing: Applications 
As previously mentioned, the use of array-based sensing techniques ultimately relies 
upon a noticeable change in the receptor. This is true of all types of molecular 
recognition. The way in which molecules recognize one another is through interactions 
that can range from very weak (i.e., hydrogen bonding or van der Waals interactions), or 
relatively strong (i.e., Lewis acid/base interactions). As such, numerous detection 
techniques have been studied. 
1.4.1. Electronic Detection Methods 
Several “electronic tongue” technologies that exhibit high selectivity at the cost of 
sensitivity and robustness, take advantage of weak interactions like physisorption. 
Among these, making use of changes in overall electrical potential,33;56-58 impedance,59-65 
or chemiluminescence66 have met with some success. Many of these studies focus on 
analyzing not only the overall sensing of an analyte, but also the characteristics of taste 
that each analyte exhibits. For example, Jo and Lee have recently published an 
impressive article in which they discuss the study of sensory attributes of monosodium 
glutamate (MSG) as well as MSG substitutes to determine whether they exert synergistic 
or inhibition effects on taste.67 By using a multi-component taste analyzer to measure 
concentrations of Na+, K+, NH4+, Ca2+, Mg2+, NO2-, NO3-, H+, Cl(I)-  and Cl(II)-  the 
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group was able to probe ten MSG substitutes. The basis of the study was to try to find a 
correlation between the sensory attributes of MSG and MSG substitutes (subjective 
measurements) and the electronic tongue analysis (objective measurements). The 
substitute with the highest correlation could be considered a substitute for the immensely 
unhealthy but flavorful MSG. The group observed that Japanese yeast from torula, a 
fungus widely used as a flavoring in processed foods and pet foods, best expressed the 
umami taste when compared to other commonly used MSG substitute.  
1.4.2. Fluorescence Detection Methods 
Fluorescence detection has long been known to be a sensitive method for the sensing 
of aqueous analytes. Large changes in excitation and emission along with strong 
fluorescence quenching make it a popular technique for the detection, identification, and 
quantification of a plethora of compounds.  Recently, Rotello and co-workers have 
published several papers focused on array-based sensing using fluorescent polymers to 
identify proteins-68-70 and cells;71;72 the latter aimed at detecting and differentiating 
among normal, cancerous, and metastatic cells. In 2007, the group published an article 
discussing a sensor array made up of six non-covalent gold-nanoparticle fluorescent 
polymer conjugates.70 As shown in that work, pattern-based sensing of proteins was made 
possible by a distinct fluorescence pattern developing from the gold nanoparticles 
quenched fluorescence polymer via disruption of the nanoparticle-polymer interaction. 
By developing a 4x7 array with different fluorescent polymers, the authors were 
successful in producing a pattern-based sensing motif capable of discrimination of 7 
different proteins with over 94% accuracy (cf. Figure 1.9). 
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Figure 1.9.  Fluorophore displacement protein sensor array.(Rotello) (a) 
Displacement of the quenched fluorescent polymer (green stripes) by 
protein (blue) resulting in an unquenched, fluorescent response from 
the fluorescent polymer. (b) Representation of the 4x7 fluorescence 
pattern generation by differential release of fluorescent polymers upon 
exposure to different proteins.70  
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Figure 1.10.  Schematic representation of sensors comprised of β-
galactosidase and cationic gold nanoparticles.(RotelloJacs2007) (a) The 
AuNPs electrostatically bind to the enzyme, inhibiting reactions. (b) 
Protein analytes remove the AuNPs from the enzyme allowing for 
enzymatic reactions with 4-methylumbelliferyl-β-D-galactopyranoside.68 
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In more recent work, the group has produced a protein sensing array based on enzyme 
amplification.68 In this approach, the authors discuss a similar displacement assay 
wherein gold nanoparticles are electrostatically bound to an enzyme, β-galactosidase, 
inhibiting enzyme activity. Detection was made possible by the addition of different 
proteins, each of which could displace the enzyme to differing degrees allowing for the 
enzymatic reaction of the β-galactosidase with the fluorogenic substrate 4-
methylumbelliferyl-β-D-galactopyranoside which results in an amplified signal. The 
detection scheme can be seen in Figure 1.10.  
Severin and co-workers have developed an impressive cross-reactive sensor array for 
the detection of peptides in aqueous solutions73 In a recent publication, they describe a 
fluorophore displacement assay wherein metal-bound indicators are replaced by peptides 
thereby releasing the indicator. The basic principle of the sensor array can be seen in 
Figure 1.11a. Upon release, the indicator fluoresces and its fluorescence is measured. 
Peptide discrimination is made possible by the metal’s affinity for each peptide versus the 
indicator ligand. The metal complexes contain rhodium, ruthenium, or palladium and 
each metal-dye complex has its own binding constant. Thus, an array can be designed by 
mixing different metal complexes with different fluorescent dyes (Figure 1.11b). The 
group successfully discriminated ten peptides and one control (Figures 1.12 and 1.13). 
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         b 
 
Figure 1.11.  (a) Basic principle of a sensor array based on competition 
reactions of peptides and metal-dye complexes; and (b) Selection of 
metal complexes and fluorescent dyes used to successfully discriminate 
ten peptides and one control.73 
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Figure 1.12.  Overall representation of the relative fluorescence 
intensities after 1 hour exposure to a solution containing peptides, dyes, 
and metal complexes, each at 25 µM except the peptide (50 µM). The 
solution contained 100mM phosphate buffer at pH 7.0.73  
 
 
 
 
 
24 
 
 
 
Figure 1.13.  Principal components analysis74 (PCA) scatter plots for the 
discrimination of ten peptides and a control. Filled symbols represent 
peptides at 50 µM while hollow symbols represent peptides at 20 µM. 
Discreet clustering is observed in most cases.73 
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1.4.3. Visible Detection Methods 
As a visual species, human beings tend to favor responses we can detect with our own 
eyes. The use of visual reporters has long been studied and was and still is considered a 
fundamental means of testing for the presence of specific compounds (e.g., DNPH for the 
presence of carbonyls, Tollin’s test or Fehling’s test for aldehydes). Recently, scientists 
have begun constructing sensor arrays based on color-change to probe the presence of a 
myriad of possible species. For aqueous testing, colorimetric sensor arrays have proven 
successful for the detection of anions,75;76 amino-acids,77-79 and other important biological 
compounds and contaminants including amino-sugars and amino-glycosides.80  
1.4.3.1. Colorimetric Detection of Anions  
Anzenbacher Jr. and co-workers have designed a supramolecular approach employing 
colorimetric, array-based sensors for the detection of multiple anions in water.76 In this 
approach, eight sensors (Figure 1.14a) that have been deposited onto array chips 
manufactured by ultrasonic drilling of microscope slides are used to discriminate among 
a selection of anions including fluoride, chloride, acetate, phosphate, pyrophosphate, and 
others (Figure 1.14b). Each sensor is immobilized in polyeurethane and dried. 
Hierarchical clustering analysis74 (HCA) and a 3-dimentional PCA scatter plot portraying 
the arrays excellent abilities are shown in Figure 1.15. In addition, the sensor can be used 
for semi-quantitative analysis of water-based solutions. To exhibit the “real-world” 
applications of their technology, the authors successfully discriminated several brands 
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Figure 1.14.  (a) Structures of eight colorimetric sensors used for the 
discrimination of anions in water; and (b) Binding constants for the 
above sensors toward each of five representative anions.76 (a  All errors 
are below 15%, b The binding isotherm showed biphasic behavior 
indicating multiple equilibria, and c Experiments performed in 
acetonitrile.) 
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Figure 1.15.  Left: Raw data from typical array response to anion 
solutions. Middle: 3-D PCA score plot of first three PCs; ten trials of ten 
anions were performed. Right: HCA dendrogram of array response 
(Ward’s method).76 
 
 
 
 
Figure 1.16.  Left: PCA score plot of the first two PCs. Four toothpastes 
and one standard (sodium fluoride) were discriminated from one 
another; ten trials of each sample were performed. Right: HCA 
dendrogram with Ward linkage showing the Euclidean distance 
between trials.76 
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of toothpaste and sodium fluoride in water. After 50 trials of each, clustering analysis 
showed variance among the different samples with PCA score plots of the first two PCs 
supporting the group’s claim (Figure 1.16). 
1.4.3.2. Colorimetric Detection of Amino Acids 
Colorimetric sensor array detection of analytes can be carried out using one or more 
of a vast number of mechanisms (described later). Once such method is known as an 
indicator displacement assay, or IDA, wherein competition between two possible guests 
for one host results in detectable changes in solution color, fluorescence, pH, or other 
such characteristics.  
Buryak and Severin have used this method to colorimetrically discriminate twenty 
natural amino acids.81 By employing an organometallic host, a cyclopentadienyl-rhodium 
complex, and one of three color-changing dyes (Figure 1.17), the group was successful at 
identifying the amino acid analytes at concentrations below 1 mM, albeit at variable pHs.  
Between 2005 and 2008 the research group of Anslyn at the University of Texas 
published several articles related to the enantiodiscrimination of various structurally 
similar amino acids. Using a chiral metal complex as the host, in tandem with the diol-
containing colorimetric dye, the researchers were able to distinguish several D-amino 
acids form their enantiomers using indicator displacement.78  Soon after, the group 
designed a colorimetric sensor array using copper, three chiral ligands, and three diol-
containing color-changing dyes (Figure 1.18). Taking different combinations of the 
ligands and indicators with copper-triflate (Cu(OTf)2) at varying concentrations, libraries 
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Figure 1.17.  Schematic representation and experimental conditions for  
the indicator displacement assay (IDA) used for the identification of 20 
natural amino-acids.81 
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were built. This newly adapted IDA used pattern-based discrimination of the colorimetric 
sensor array to successfully discriminate among enantiomeric partners of five amino 
acids: tryptophan, phenylalanine, leucine, valine, and tert-leucine.77 Further studies 
eventually led to the development of IDAs implemented by the use of two CuII-based 
chiral receptors in conjunction with one indicator, chrome azurol S. Enantioselective 
discrimination of thirteen of the seventeen studied amino acids was achieved.79 
1.5. Differential Sensing of Sugars by Colorimetric Arrays 
1.5.1. Introduction 
Although the complexes between boronic acids and diols have been studied for 
decades, researchers continue to design new and interesting methods to use these 
interactions to produce saccharide sensors that are more sensitive and selective. Herein 
we discuss how the use of pattern-based colorimetric arrays from a collection of cross-
reactive sensors have been developed as new differential sensing platforms for sugars and 
related saccharides. 
Since the first synthesis of phenylboronic acid in the late 19th century, scientists have 
been interested in the unique properties associated with boron chemistry. Not until the 
mid 20th century, however, were the interactions between boronic acids and diol-
containing compounds discovered.82  Although the reaction was debated for several 
years, it soon became apparent that the formation of cyclic boronate esters dominated. In 
a review published by Shinkai et al. in 1996,83 numerous synthetic receptors for the 
optical detection of saccharides based on boronic acid receptors gained notoriety and 
helped launch a new field of chemical sensors. In 2002, Wang and co-workers discussed 
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work on boronic acid-based sensors,84 leading the group to later publish several articles 
related to the pH and pKa dependence of boronic acid-diol interactions. It should be noted 
that while fluorescence-based saccharide detection is not within the scope of this current 
review, significant work has also be reported with that approach.85-90  
Pattern-based sensing, similar to what we now know of the human olfactory and 
gustatory systems, relies on a selection of cross-reactive semi-selective indicators or 
receptors, the responses of which are analyzed as a whole in order to gain information on 
a diverse chemical library. Although the concept has been well documented, only 
recently has pattern-based, differential sensing made its way into the forefront of sensing 
platforms and has found useful applications to a wide range of analytes, including 
peptides,73;91;92 proteins,68 volatile organic compounds,93-95 toxic industrial gases,96-98 
organic compounds in water,50 and many others.99-104  
1.5.2. Interactions Between Boronic Acids and Diols 
Boronic acids bind strongly with diol-containing compounds with high affinities via 
boronate ester formation (Figure 1.19). The reaction, discovered in 1954 by Kuivila et al., 
has been the basis for many synthetic molecular receptors, but considerable recent efforts 
have been made to improve the strength of binding, thus paving the way for more 
sensitive sensing methods for diol-containing targets.105;106 Shinkai and James have spent 
the better part of a decade designing new and interesting sensing platforms based on the 
complexation of the two species.107-109 The selectivity relies in part on the differences in 
association constants of different boronic acids with diols resulting in changes in 
equilibrium between the boronic acid and the cyclic boronate ester.  
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Figure 1.18.  (A) Ligands and indicators used in the colorimetric sensor 
array. (B-D) Absorbance spectra for three D-valine and its enantiomer 
L-valine when exposed to three different IDA conditions. (C) 
Colorimetric output for receptor 1, Cu(OTf)2, CAS, and the noted 
amino acids.77 
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Figure 1.19.  Diol adducts of phenylboronic acid. Formation of the cyclic 
boronate ester can result in one of several detectible changes including 
pH depression, bond cleavage, indicator displacement, etc., that can 
result in color changes or changes in color intensity.48  
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It has been shown that changing the parameters of the experiment (e.g. solution pH, 
boronic acid pKa, etc.) can result in drastically different binding constants between 
boronic acids and diols. As a result, derivatization techniques have been employed to 
produce a plethora of molecular sensors for saccharides based on phenylboronic acid. In 
many cases, phenylboronic acids are coupled with chromophores to give a color response 
to binding of the boronic acid moiety. In this manner, several color changing motifs have 
been utilized including, indicator displacement,110-112 boronic acid appended 
chromophores,109;113-116 and pH induction,117;118 and these have been extended to produce 
differential sensing platforms optimized to human body temperature and physiological 
pH.108;119-121  
1.5.3. Colorimetric Sensors and Sensing Methods 
1.5.3.1. Indicator Displacement Assays 
The use of indicator displacement assays (IDAs) for colorimetric sensing has been 
pioneered most recently by Anslyn and co-workers.110;122;123 The basic principle relies on 
the affinity for two competing guests to one host. For sensing, the analyte displaces the 
indicator from the host or receptor (or vice-versa), causing the indicator to change its 
spectroscopic properties (c.f. Figure 1.20). For saccharide detection, color-changing 
indicators containing cis-diols were optimized to create an IDA sugar sensor. Among the 
most common of these indicators is alizarin red and bromopyrogallol red.  IDA inherently 
represents an equilibrium competition between the indicator and the analyte of interest; 
this has a potential downside of limiting sensitivity, particularly for lower-affinity 
analytes. 
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Figure 1.20.  General scheme for indicator displacement assay. 
Saccharides are represented by white hexagons and are introduced to 
the receptor scaffolding, then indicator (represented by blue hexagons. 
The sensing platform is regenerated by washing in acid and base.110  
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Figure 1.21.  Indicator displacement scheme. Binding and analyte-
mediated release of alizarin red-S with hydrogel-bound boronic acid.112 
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Indicator displacement has recently gained new ground via a sensing motif based on 
dye displacement using boronate hydrogels.112 Making use of a new development, 
boronate affinity in saccharide electrophoresis, or BASE, that relies on the modulation of 
saccharide mobility within a flexible porous hydrogel, the group went on to quantitatively 
detect a wide range of fructose concentrations at physiological pH; the indicator 
displacement scheme used can be seen in Figure 1.21. Recently, the synthesis of a similar 
sensing platform has been reported based on phenylboronic acid derivativization of solid 
silica supports.111  
1.5.3.2. Boronic-acid Appended Chromophores 
Chemosensors 
Recently, various colorimetric sensors based on boronic acid appended chromophores 
have been designed and studied for detection of a host of analyte classes including 
amines, aldehydes, alcohols, and in particular, cis-diols. Mohr and co-workers have 
published numerous articles focused on the use of reversible covalent-bonding sensing 
motifs combining a chromogenic center with a reactive terminus capable of color-change 
upon reaction with the desired analyte.124-128  Several chromogenic receptors designed by 
Shinkai et al. are based on photoinduced electron transfer (PET) created by complexation 
between the receptors’ boronic acid functionality and saccharides. This strengthens the 
Lewis acid-Lewis base interaction within the receptor, resulting in PET from the amino 
nitrogen to the chromophoric center, thereby causing a change in color (Figure 
1.22A).83;116 Since a shift in the absorbance of most azo-dyes is directly associated with 
changes in the environment of one of the bridging nitrogens, some sugar sensors have 
been designed that make use of a spectral change based on the formation and cleavage of 
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the B—N bond between the boronic acid and the azo linkage,  
(Figure 1.22B).114;115 In other examples, the boronic acid group is directly attached to the 
chromophore, whose color changes upon chelation of the boronic acid group to a 
monosaccharide (see Figure 1.22C).113 In this manner, facile sugar detection has been 
possible, particularly involving the differentiation of glucose from fructose.  
Macrocyclic ring opening and oxidation 
 A new class of color-changing saccharide sensors was developed earlier this decade 
by Strongin and coworkers.129;130 This sensing motif takes advantage of phenylboronic 
acid appended macrocycles undergoing significant color changes in the presence of 
carbohydrates as well as glucose phosphates, carboxylic acid and amino sugars. It was 
found that solutions containing the tetraarylboronic acid resorcinarene macrocycle 
(Figure 1.22D), undergo a condensation reaction in situ to form a xanthene chromophore. 
The authors argue that ring opening of macrocycles to acyclic oligomers could be a 
prerequisite for xanthene formation from resorcinarenes. In this way, complexation of a 
sugar with the newly formed acyclic chromophores was shown to semi-selectively 
discriminate among a family of closely related saccharides 
1.5.3.3. pH Induced Color Changes 
Oddly, one of the least exploited characteristics regarding the reactions of boronic 
acids with saccharides had been the production of protons resulting from the formation of 
a cyclic boronate ester. The pH depression associated with the complexation of boronic 
acids with saccharides is, of course, buffer dependent, and in most of the detection 
methods mentioned thus far, systems have been strongly buffered.  
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Figure 1.22.  Representative boronic acid based saccharide sensors. A) 
Photo-induced electron transfer (PET) method,83;116 B) B—N bond 
formation/cleavage method,115 C) Boronic-acid chelating method,113 D) 
Macrocyclic ring opening method,130 and E) pH induced color change 
method.117 
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Several groups have developed sugar sensing systems based mostly, if not solely, on 
induced pH depression. Among these, Chang and co-workers have presented a wonderful 
piece of work wherein pH indicators were employed to monitor and report the change in 
solution pH upon the addition of sugars.118 More recently, pH reporter dyes have been 
incorporated with one of several phenylboronic acid candidates, (c.f. Figure 1.22E).117 
This new sensor technique can selectively and quantitatively differentiate between 
fructose and glucose at millimolar concentrations. 
1.5.4. Array Based (Pattern-Based) Sensing 
The detection and identification of chemicals is, fundamentally, supramolecular 
chemistry and intrinsically relies on the interactions between molecules.131 The 
classification and relative strength of intermolecular interactions is of course very well 
established and includes Lewis acid-base interactions (the limiting case of which is bond 
formation and metal ion coordination), Brønsted acid-base interactions, hydrogen-
bonding, charge-transfer and π-π molecular complexation, dipolar and multipolar 
interactions, and van der Waals interaction and physical adsorption. The use of sensors in 
arrays that probe this full range of intermolecular interactions is essential to the further 
development of array technology.  
Array-based sensing has emerged as a potentially powerful approach toward the 
detection of chemically diverse analytes. Based on cross-responsive sensor elements, 
rather than analyte-specific receptors for specific analytes, sensor arrays produce 
composite responses and it is the composite response that is unique to an odorant or taste, 
just as in the mammalian olfactory and gustatory systems, respectively. In this design 
architecture, one receptor responds to many analytes and many receptors respond to any 
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given analyte. It is the distinct pattern of responses produced by the array that provides 
differential sensing of multiple analytes.  
For nearly fifty years, the concept of pattern-based discrimination of a broad range of 
analytes, also known as “differential sensing”, has emerged as a powerful sensing tool. 
Recently, Anslyn and co-workers have successfully used arrays of cross-reactive sensors 
in combination with IDA and kinetic measurements to differentiate among a wide 
selection of aqueous analytes including, peptides,55 nucleotide phosphates (e.g., ATP, 
AMP, and GTP),132 proteins,133 and recently, saccharides. Using boronic acid based 
peptidic receptors; chemosensors were developed capable of discrimination among a 
number of monosaccharides, disaccharides, and saccharide derivatives such as sucralose 
(the sweetening agent used in Splenda brand sweetener) and maltitol (a sugar alcohol 
derived by the reduction of maltose).110 Multiple liquid wells were assembled using a 
randomly chosen set of receptors from a combinatorial library of pentapeptidic boronic 
acids optimized to work at physiological pH. A three-dimensional plot relating analytes, 
receptors, and average rate constants for indicator adduct displacement is shown in 
Figure 1.23. The plot shows how each semi-selective receptor responds to each analyte 
via rate constants. Indicator displacement assays were carried out, generating a set of 
response data that, when coupled with dimension-reducing chemometric tools such as 
linear discriminant analysis74 (LDA), can classify both structurally similar and 
chemically diverse analytes.  
Another example of differential sensing is described by Chang and co-workers, who 
have recently published their work on a pH change-induced carbohydrate sensing 
ensemble that allowed for the differential recognition of 23 mono-, di-, and trisaccharides  
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Figure 1.23.  Pattern-based saccharide sensing plot. Rate constants are 
used to assess the responses of each of eight semi-selective receptors 
with six sugars and sugar adducts. Each saccharide concentration was 
set to 80 µM in 500 µM HEPES buffer at pH=7.4. The blank resin beads 
were exposed first to the saccharide solution, then to a brief buffer 
wash, and finally to the indicator solution (8 µM in 500 µM HEPES 
buffer at pH=7.4.110 
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Figure 1.24.  Principal component analysis (PCA) plot for the 
identification of 23 carbohydrates at high concentrations (100 mM). 
Each numbered cluster represents multiple trials for each sugar using 
384-well plates of liquid solutions containing one of 12 different pH 
indicators with one of two boronic acids at non-physiological pH with 
full spectrophotometric analysis. 98% of discriminatory information 
was contained within the first two principal components. Cluster plot 
was designed by combining two sets of data, one for each boronic acid 
system at a pH optimal to the system.118 
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at millimolar concentrations.118 Twelve dyes were employed in an array of aqueous 
solutions in well plates, covering a large pH range along with two boronic acids: boric 
acid and phenylboronic acid. Experiments for each system were carried within a pH 
range that optimizes the production of the cyclic tetrahedral boronate ester and thus 
depress the solution pH. A principal component analysis (PCA) scatter plot showing the 
discrete clusters of saccharides can be seen in Figure 1.24. 
1.6. Conclusions and Future Endeavors 
In recent years, we have seen substantial progress in the design, optimization, and 
application of semi-selective, cross-responsive indicators for the differential sensing of a 
host of analytes, including sugars, the focus of this overview. By manipulating the old 
and well understood reaction of boronic acids with diols, scientists have developed arrays 
of chemoresponsive chromophores for the detection and identification of sugars and 
sugar analogs. Using biomimetic pattern-based sensing similar to the mammalian 
olfactory and gustatory systems, the development of electronic noses and electronic 
tongues based on colorimetric sensor arrays are providing advancements in sensitivity 
and pattern-based selectivity above and beyond that which nature provides. 
 
 
 
 
 
 
 
45 
 
1.7. References 
(1)  Barlow, L. A. Neurobiol. Taste Smell (2nd Ed.) 2000, 395-422. 
(2)  Ganchrow, J. R. Physiol. Behav. 2000, 69, 29-40. 
(3)  Hauptmann, P.; Borngraeber, R.; Schroeder, J.; Auge, J. Proc. 2000 IEEE/EIA Int. 
Freq. Control Symp. Exhib. 2000, 22-29. 
(4)  Herness, S.; Zhao, F. L. Recent Highlights Flavor Chem. Biol., [Proc. Wartburg 
Symp.], 8th 2007, 3-10. 
(5)  Hunter-Smith, S.; Huang, L. Agro Food Ind. Hi-Tech 2009, 20, 24-27. 
(6)  Jyotaki, M.; Shigemura, N.; Ninomiya, Y. J. Health Sci. 2009, 55, 674-681. 
(7)  Kinnamon, S. C.; Vandenbeuch, A. Ann. N. Y. Acad. Sci. 2009, 1170, 55-59. 
(8)  Matsumoto, I.; Ohmoto, M.; Yasuoka, A.; Yoshihara, Y.; Abe, K. Ann. N. Y. Acad. 
Sci. 2009, 1170, 46-50. 
(9)  Roper, S. D. Cell. Mol. Life Sci. 2006, 63, 1494-1500. 
(10)  Roper, S. D.; Chaudhari, N. Ann. N. Y. Acad. Sci. 2009, 1170, 60-65. 
(11)  Smith, D. V.; Margolis, F. L. Curr. Biol. 1999, 9, R453-R455. 
(12)  Smith, D. V.; St. John, S. J.; Boughter, J. D., Jr. Neurosci. Med. (2nd Ed.) 2003, 
567-578. 
(13)  Wang, P.; Liu, Q. AIP Conf. Proc. 2009, 1137, 3-6. 
(14)  Hänig, D. P. Philosophische Studien 1901, 17, 576-623. 
(15)  Lindemann, B. Nat Med 1999, 5, 381-382. 
(16)  Smith, D. V.; Margolskee, R. F. Sci. Am. 2001, 284, 32-39. 
(17)  Chandrashekar, J.; Hoon, M. A.; Ryba, N. J. P.; Zuker, C. S. Nature (London, U. K.) 
2006, 444, 288-294. 
(18)  Hoon, M. A.; Adler, E.; Lindemeier, J.; Battey, J. F.; Ryba, N. J. P.; Zuker, C. S. 
Cell 1999, 96, 541-551. 
46 
 
(19)  Li, X.; Staszewski, L.; Xu, H.; Durick, K.; Zoller, M.; Adler, E. Proc. Natl. Acad. 
Sci. U. S. A. 2002, 99, 4692-4696. 
(20)  Nelson, G.; Hoon, M. A.; Chandrashekar, J.; Zhang, Y.; Ryba, N. J. P.; Zuker, C. S. 
Cell 2001, 106, 381-390. 
(21)  Palmer, R. K. Mol. Interventions 2007, 7, 87-98. 
(22)  Zhao, G. Q.; Zhang, Y.; Hoon, M. A.; Chandrashekar, J.; Erlenbach, I.; Ryba, N. J. 
P.; Zuker, C. S. Cell 2003, 115, 255-266. 
(23)  Chaudhari, N.; Landin, A. M.; Roper, S. D. Nat. Neurosci. 2000, 3, 113-119. 
(24)  Kunishima, N.; Shimadat, Y.; Tsuji, Y.; Sato, T.; Yamamoto, M.; Kumasaka, T.; 
Nakanishi, S.; Jingami, H.; Morikawa, K. Nature (London) 2000, 407, 971-977. 
(25)  Lindemann, B.; Ogiwara, Y.; Ninomiya, Y. Chem Senses 2002, 27, 843-844. 
(26)  Nelson, G.; Chandrashekar, J.; Hoon, M. A.; Feng, L.; Zhao, G.; Ryba, N. J. P.; 
Zuker, C. S. Nature (London, U. K.) 2002, 416, 199-202. 
(27)  Adler, E.; Hoon, M. A.; Mueller, K. L.; Chandrashekar, J.; Ryba, N. J. P.; Zuker, C. 
S. Cell 2000, 100, 693-702. 
(28)  Caicedo, A.; Roper, S. D. Science 2001, 291, 1557-1560. 
(29)  Chandrashekar, J.; Mueller, K. L.; Hoon, M. A.; Adler, E.; Feng, L.; Guo, W.; 
Zuker, C. S.; Ryba, N. J. P. Cell 2000, 100, 703-711. 
(30)  Huang, A. L.; Chen, X.; Hoon, M. A.; Chandrashekar, J.; Guo, W.; Traenkner, D.; 
Ryba, N. J. P.; Zuker, C. S. Nature (London, U. K.) 2006, 442, 934-938. 
(31)  Ciosek, P.; Brzozka, Z.; Wroblewski, W. Sens. Actuators, B 2006, B118, 454-460. 
(32)  Ciosek, P.; Kraszewska, Z.; Wroblenski, W. Electroanalysis 2009, 21, 2036-2043. 
(33)  Ciosek, P.; Maminska, R.; Dybko, A.; Wroblewski, W. Sens. Actuators, B 2007, 
B127, 8-14. 
(34)  Ciosek, P.; Wroblewski, W. Talanta 2006, 69, 1156-1161. 
(35)  Ciosek, P.; Wroblewski, W. Analyst 2007, 132, 963-978. 
(36)  Ciosek, P.; Wroblewski, W. Elektronika 2008, 49, 85-86. 
47 
 
(37)  Ciosek, P.; Wroblewski, W. Talanta 2008, 76, 548-556. 
(38)  Lavigne, J. J.; Savoy, S.; Clevenger, M. B.; Ritchie, J. E.; McDoniel, B.; Yoo, S.-J.; 
Anslyn, E. V.; McDevitt, J. T.; Shear, J. B.; Neikirk, D. J. Am. Chem. Soc. 1998, 
120, 6429-6430. 
(39)  Savoy, S.; Lavigne, J. J.; Yoo, J. S.-J.; Wright, J.; Rodriguez, M.; Goodey, A.; 
McDoniel, B.; McDevitt, J. T.; Anslyn, E. V.; Shear, J. B.; Ellington, A.; Neikirk, 
D. P. Proc. SPIE 1998, 3539, 17-26. 
(40)  Sohn, Y.-S.; Goodey, A.; Anslyn, E. V.; McDevitt, J. T.; Shear, J. B.; Neikirk, D. P. 
Biosens. Bioelectron. 2005, 21, 303-312. 
(41)  Di Natale, C.; Paolesse, R.; Macagnano, A.; Mantini, A.; D'Amico, A.; Ubigli, M.; 
Legin, A.; Lvova, L.; Rudnitskaya, A.; Vlasov, Y. Sens. Actuators, B 2000, B69, 
342-347. 
(42)  Paolesse, R.; Burgio, M.; Palleschi, G.; Di Natale, C.; Martinelli, E.; Mazzone, E.; 
D'Amico, A. Sens. Microsyst., Proc. Ital. Conf., 8th 2004, 323-327. 
(43)  Verrelli, G.; Francioso, L.; Paolesse, R.; Siciliano, P.; Di Natale, C.; D'Amico, A.; 
Logrieco, A. Sens. Actuators, B 2007, B123, 191-197. 
(44)  Verrelli, G.; Francioso, L.; Siciliano, P.; Di Natale, C.; D'Amico, A.; Paolesse, R.; 
Logrieco, F. Proc. Natl. Acad. Sci. U. S. A. 2007, 6589, 65891I (65891-65898). 
(45)  Vlasov, Y.; Legin, A.; Rudnitskaya, A.; Di Natale, C.; D'Amico, A. Pure Appl. 
Chem. 2005, 77, 1965-1983. 
(46)  Vlasov, Y. G.; Legin, A. V.; Rudnitskaya, A. M.; D'Amico, A.; Di Natale, C. Sens. 
Actuators, B 2000, B65, 235-236. 
(47)  Lim, S. H.; Musto, C. J.; Park, E.; Zhong, W.; Suslick, K. S. Org. Lett. 2008, 10, 
4405-4408. 
(48)  Musto, C. J.; Lim, S. H.; Suslick, K. S. Anal. Chem. 2009, 81, 6526-6533. 
(49)  Zhang, C.; Bailey, D. P.; Suslick, K. S. J. Agric. Food Chem. 2006, 54, 4925-4931. 
(50)  Zhang, C.; Suslick, K. S. J. Am. Chem. Soc. 2005, 127, 11548-11549. 
(51)  Zhang, C.; Suslick, K. S. J. Agric. Food Chem. 2007, 55, 237-242. 
48 
 
(52)  Apetrei, C.; Apetrei, I. M.; Villanueva, S.; de Saja, J. A.; Gutierrez-Rosales, F.; 
Rodriguez-Mendez, M. L. Anal Chim Acta 2010, 663, 91-97. 
(53)  Escuder-Gilabert, L.; Peris, M. Anal Chim Acta 2010, 665, 15-25. 
(54)  Schmidtke, L. M.; Rudnitskaya, A.; Saliba, A. J.; Blackman, J. W.; Scollary, G. R.; 
Clark, A. C.; Rutledge, D. N.; Delgadillo, I.; Legin, A. J. Agric. Food Chem. 
2010, 58, 5026-5033. 
(55)  Collins, B. E.; Wright, A. T.; Anslyn, E. V. Top. Curr. Chem. 2007, 277, 181-218. 
(56)  Mimendia, A.; Legin, A.; Merkoci, A.; del Valle, M. Sens. Actuators, B 2010, B146, 
420-426. 
(57)  Polshin, E.; Rudnitskaya, A.; Kirsanov, D.; Legin, A.; Saison, D.; Delvaux, F.; 
Delvaux, F. R.; Nicolai, B. M.; Lammertyn, J. Talanta 2010, 81, 88-94. 
(58)  Vlasov, Y. G.; Legin, A. V.; Rudnitskaya, A. M. Russ. J. Gen. Chem. 2008, 78, 
2532-2544. 
(59)  Aoki, P. H. B.; Alessio, P.; Riul, A.; De Saja Saez, J. A.; Constantino, C. J. L. Anal. 
Chem. 2010, 82, 3537-3546. 
(60)  Cabral, F. P. A.; Bergamo, B. B.; Dantas, C. A. R.; Riul, A., Jr.; Giacometti, J. A. 
Rev. Sci. Instrum. 2009, 80, 026107/026101-026107/026103. 
(61)  Heras, J. Y.; Pallarola, D.; Battaglini, F. Biosens. Bioelectron. 2010, 25, 2470-2476. 
(62)  Labrador, R. H.; Masot, R.; Alcaniz, M.; Baigts, D.; Soto, J.; Martinez-Manez, R.; 
Garcia-Breijo, E.; Gil, L.; Barat, J. M. Food Chem. 2010, 122, 864-870. 
(63)  Moraes, M. L.; Maki, R. M.; Paulovich, F. V.; Rodrigues Filho, U. P.; de Oliveira, 
M. C. F.; Riul, A.; de Souza, N. C.; Ferreira, M.; Gomes, H. L.; Oliveira, O. N. 
Anal. Chem. 2010, 82, 3239-3246. 
(64)  Pioggia, G.; Di Francesco, F.; Ferro, M.; Sorrentino, F.; Salvo, P.; Ahluwalia, A. 
Microchim. Acta 2008, 163, 57-62. 
(65)  Wu, R.-J.; Yeh, C.-H.; Yu, M.-R.; Chen, H.-W. Sens. Lett. 2008, 6, 765-770. 
(66)  Kong, H.; Zhang, S.; Na, N.; Liu, D.; Zhang, X. Analyst 2009, 134, 2441-2446. 
(67)  Jo, M. N.; Lee, Y. M. J. Food Sci. 2008, 73, S191-S198. 
49 
 
(68)  Miranda, O. R.; Chen, H.-T.; You, C.-C.; Mortenson, D. E.; Yang, X.-C.; Bunz, U. 
H. F.; Rotello, V. M. J. Am. Chem. Soc. 2010, 132, 5285-5289. 
(69)  Miranda, O. R.; You, C.-C.; Phillips, R.; Kim, I.-B.; Ghosh, P. S.; Bunz, U. H. F.; 
Rotello, V. M. J. Am. Chem. Soc. 2007, 129, 9856-9857. 
(70)  You, C.-G.; Miranda, O. R.; Gider, B.; Ghosh, P. S.; Kim, I.-B.; Erdogan, B.; Krovi, 
S. A.; Bunz, U. H. F.; Rotello, V. M. Nat. Nanotechnol. 2007, 2, 318-323. 
(71)  Bajaj, A.; Miranda, O. R.; Kim, I.-B.; Phillips, R. L.; Jerry, D. J.; Bunz, U. H. F.; 
Rotello, V. M. Proc. Natl. Acad. Sci. U. S. A. 2009, 106, 10912-10916, 
S10912/10911-S10912/10910. 
(72)  Bajaj, A.; Miranda, O. R.; Phillips, R.; Kim, I.-B.; Jerry, D. J.; Bunz, U. H. F.; 
Rotello, V. M. J. Am. Chem. Soc. 2010, 132, 1018-1022. 
(73)  Rochat, S.; Gao, J.; Qian, X.; Zaubitzer, F.; Severin, K. Chem.--Eur. J. 2010, 16, 
104-113, S104/101-S104/136. 
(74)  Hasswell, S. Practical Guide To Chemometrics; Dekker: New York, 1992. 
(75)  Dickson, S. J.; Wallace, E. V. B.; Swinburne, A. N.; Paterson, M. J.; Lloyd, G. O.; 
Beeby, A.; Belcher, W. J.; Steed, J. W. New J. Chem. 2008, 32, 786-789. 
(76)  Palacios, M. A.; Nishiyabu, R.; Marquez, M.; Anzenbacher, P., Jr. J. Am. Chem. 
Soc. 2007, 129, 7538-7544. 
(77)  Folmer-Andersen, J. F.; Kitamura, M.; Anslyn, E. V. J. Am. Chem. Soc. 2006, 128, 
5652-5653. 
(78)  Folmer-Andersen, J. F.; Lynch, V. M.; Anslyn, E. V. J. Am. Chem. Soc. 2005, 127, 
7986-7987. 
(79)  Leung, D.; Folmer-Andersen, J. F.; Lynch, V. M.; Anslyn, E. V. J. Am. Chem. Soc. 
2008, 130, 12318-12327. 
(80)  Zaubitzer, F.; Buryak, A.; Severin, K. Chem.--Eur. J. 2006, 12, 3928-3934. 
(81)  Buryak, A.; Severin, K. J. Am. Chem. Soc. 2005, 127, 3700-3701. 
(82)  Kuivila, H. G.; Keough, A. H.; Soboczenski, E. J. J. Org. Chem. 1954, 19, 780-783. 
(83)  James, T. D.; Sandanayake, K. R. A. S.; Shinkai, S. Angew. Chem. Int. Ed. 1996, 
35, 1911-1922. 
50 
 
(84)  Wang, W.; Gao, X.; Wang, B. Current Organic Chemistry 2002, 6, 1285-1317. 
(85)  James, T. D.; Linnane, P.; Shinkai, S. Chem. Commun. 1996, 281-288. 
(86)  Peng, B.; Qin, Y. Anal. Chem. 2008, 80, 6137-6141. 
(87)  Sanchez-Barragan, I.; Costa-Fernandez, J. M.; Sanz-Medel, A. Sens. Actuators, B 
2005, B107, 69-76. 
(88)  Schiller, A.; Wessling, R. A.; Singaram, B. Angew. Chem. Int. Ed. 2007, 46, 6457-
6459. 
(89)  Tan, J.; Wang, H.-F.; Yan, X.-P. Anal. Chem. 2009, 81, 5273-5280. 
(90)  Zhang, Y.; Gao, X.; Hardcastle, K.; Wang, B. Chem.--Eur. J. 2006, 12, 1377-1384. 
(91)  Collins, B. E.; Anslyn, E. V. Chem.--Eur. J. 2007, 13, 4700-4708. 
(92)  Zhang, T.; Edwards, N. Y.; Bonizzoni, M.; Anslyn, E. V. J. Am. Chem. Soc. 2009, 
131, 11976-11984. 
(93)  Janzen, M. C.; Ponder, J. B.; Bailey, D. P.; Ingison, C. K.; Suslick, K. S. Anal. 
Chem. 2006, 78, 3591-3600. 
(94)  Jiang, H.; Wang, Y.; Ye, Q.; Zou, G.; Su, W.; Zhang, Q. Sens. Actuators, B  
2010, B143, 789-794. 
(95)  Kostesha, N. V.; Alstrom, T. S.; Johnsen, C.; Nilesen, K. A.; Jeppesen, J. O.; 
Larsen, J.; Jakobsen, M. H.; Boisen, A.; Vo-Dinh, T.; Lieberman, R. A.; Gauglitz, 
G. Proc. SPIE 2010, 7673, 76730I-76730I-76739. 
(96)  Feng, L.; Musto, C. J.; Kemling, J. W.; Lim, S. H.; Suslick, K. S. Chem. Commun. 
2010, 46, 2037-2039. 
(97)  Feng, L.; Musto, C. J.; Suslick, K. S. J. Am. Chem. Soc. 2010, 132, 4046-4047. 
(98)  Lim, S. H.; Feng, L.; Kemling, J. W.; Musto, C. J.; Suslick, K. S. Nat. Chem. 2009, 
1, 562-567. 
(99)  Rakow, N. A.; Sen, A.; Janzen, M. C.; Ponder, J. B.; Suslick, K. S. Angew. Chem. 
Int. Ed. 2005, 44, 4528-4532. 
(100)  Rakow, N. A.; Suslick, K. S. Nature (London) 2000, 406, 710-713. 
(101)  Suslick, K. S. MRS Bulletin 2004, 29, 720-725. 
51 
 
(102)  Suslick, K. S.; Bailey, D. P.; Ingison, C. K.; Janzen, M.; Kosal, M. A.; McNamara 
III, W. B.; Rakow, N. A.; Sen, A.; Weaver, J. J.; Wilson, J. B.; Zhang, C.; 
Nakagaki, S. Quimica Nova 2007, 30, 677-681. 
(103)  Suslick, K. S.; Rakow, N. A.; Sen, A. Tetrahedron 2004, 60, 11133-11138. 
(104)  Suslick, B. A.; Feng, L.; Suslick, K. S. Anal. Chem. 2010, 82, 2067-2073. 
(105)  Springsteen, G.; Wang, B. Tetrahedron 2002, 58, 5291-5300. 
(106)  Yan, J.; Springsteen, G.; Deeter, S.; Wang, B. Tetrahedron 2004, 60, 11205-
11209. 
(107)  James, T. D.; Phillips, M. D.; Shinkai, S. Boronic Acids in Saccharide 
Recognition; Royal Society of Chemistry: Cambridge, U.K., 2006. 
(108)  Koumoto, K.; Shinkai, S. Chem. Lett. 2000, 856-857. 
(109)  Koumoto, K.; Takeuchi, M.; Shinkai, S. Supramol. Chem. 1998, 9, 203-210. 
(110)  Edwards, N. Y.; Sager, T. W.; McDevitt, J. T.; Anslyn, E. V. J. Am. Chem. Soc. 
2007, 129, 13575-13583. 
(111)  Kurczewska, J.; Schroeder, G. Cent. Eur. J. Chem. 2009, 7, 697-701. 
(112)  Ma, W. M. J.; Pereira Morais, M. P.; D'Hooge, F.; van den Elsen, J. M. H.; Cox, J. 
P. L.; James, T. D.; Fossey, J. S. Chem. Commun. 2009, 532-534. 
(113)  DiCesare, N.; Lakowicz, J. R. Org. Lett. 2001, 3, 3891-3893. 
(114)  Egawa, Y.; Gotoh, R.; Niina, S.; Anzai, J.-i. Bioorg. Med. Chem. Lett. 2007, 17, 
3789-3792. 
(115)  Egawa, Y.; Gotoh, R.; Seki, T.; Anzai, J.-i. Mater. Sci. Eng., C 2009, 29, 115-118. 
(116)  Ward, C. J.; Ashton, P. R.; James, T. D.; Patel, P. Chem. Commun. 2000, 229-230. 
(117)  Kim, Y. H., S. A.; Weissleder, R.; Tung, C.-H. Chem. Commun. 2007, 2299 - 
2301. 
(118)  Lee, J. W.; Lee, J.-S.; Chang, Y.-T. Angew. Chem. Int. Ed. 2006, 45, 6485-6487. 
(119)  Boduroglu, S.; El Khoury, J. M.; Reddy, D. V.; Rinaldi, P. L.; Hu, J. Bioorg. Med. 
Chem. Lett. 2005, 15, 3974-3977. 
52 
 
(120)  Dowlut, M.; Hall, D. G. J. Am. Chem. Soc. 2006, 128, 4226-4227. 
(121)  Mulla, H. R.; Agard, N. J.; Basu, A. Bioorg. Med. Chem. Lett. 2004, 14, 25-27. 
(122)  Wright, A. T.; Anslyn, E. V. Chem. Soc. Rev. 2006, 35, 14-28. 
(123)  Zhang, T.; Anslyn, E. V. Org. Lett. 2006, 8, 1649-1652. 
(124)  Mohr, G. J. Sens. Actuators, B 2003, B90, 31-36. 
(125)  Mohr, G. J. Chem.--Eur. J. 2004, 10, 1082-1090. 
(126)  Mohr, G. J. Sens. Actuators, B 2005, B107, 2-13. 
(127)  Mohr, G. J. Anal. Bioanal. Chem. 2006, 386, 1201-1214. 
(128)  Mohr, G. J. In Optical Chemical Sensors; Baldini, F., Ed.; Springer: Jena, 
Germany, 2006, pp 297-321. 
(129)  He, M.; Johnson, R. J.; Escobedo, J. O.; Beck, P. A.; Kim, K. K.; St. Luce, N. N.; 
Davis, C. J.; Lewis, P. T.; Fronczek, F. R.; Melancon, B. J.; Mrse, A. A.; 
Treleaven, W. D.; Strongin, R. M. J. Am. Chem. Soc. 2002, 124, 5000-5009. 
(130)  Jiang, S.; Escobedo, J. O.; Kim, K. K.; Alptuerk, O.; Samoei, G. K.; Fakayode, S. 
O.; Warner, I. M.; Rusin, O.; Strongin, R. M. J. Am. Chem. Soc. 2006, 128, 
12221-12228. 
(131)  Anslyn, E. V. J. Org. Chem. 2007, 72, 687-699. 
(132)  McCleskey, S. C.; Griffin, M. J.; Schneider, S. E.; McDevitt, J. T.; Anslyn, E. V. 
J. Am. Chem. Soc. 2003, 125, 1114-1115. 
(133)  Wright, A. T.; Griffin, M. J.; Zhong, Z.; McCleskey, S. C.; Anslyn, E. V.; 
McDevitt, J. T. Angew. Chem. Int. Ed. 2005, 44, 6375-6378. 
 
 
 
 
 
 
53 
 
Chapter 2 
Detection and Identification of Aqueous Analytes 
2.1. Introduction 
Array based sensing has emerged as a powerful tool for the detection of chemically 
diverse analytes.  Based on cross-responsive sensor elements, these systems mimic the 
mammalian gustatory and olfactory systems by producing specificity, not from any single 
sensor, but as a unique composite response for each analyte.1-7  For example, electronic 
tongue technology for the detection of aqueous analytes has generally employed arrays of 
sensors based on polymer absorption, electrochemical reactions, or oxidations of analytes 
on metal oxides.8;9  Suslick et al. have previously reported the development of a rather 
different, but quite simple, optoelectronic approach using a colorimetric sensor array of 
chemically-responsive dyes for the identification and quantification of a wide range of 
analytes both in the gas phase and in aqueous solutions.10-17  The colors of the dyes are 
affected by a wide range of analyte-dye interactions (e.g., pH, Lewis acid-base, dipolar, 
π-π, etc.), and the arrays are made by simply printing hydrophobic dyes on a hydrophobic 
membrane.  Although this approach is very effective for the detection of volatile organics 
in the gas phase10-12 and more hydrophobic organics in water,15-17 hydrophilic analytes 
(including carbohydrates) have proved challenging.   
The conversion of soluble dyes into insoluble (but still analyte-accessible) 
nanoporous pigments by immobilizing pH indicators in sol-gel matrices18-20 offers 
advantages of improved durability and stability.  Furthermore, the final properties of the 
nanoporous pigments (e.g., hydrophobicity, porosity) can be easily modified by 
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controlling the physical and chemical parameters of the sol-gel process.  Although 
monoliths, films, and fibers of individual nanoporous pigments are known,18-22 
chemically-responsive nanoporous pigment arrays suitable for aqueous sensing and a 
method for printing such arrays directly onto hydrophilic membranes are reported here 
for the first time. The sol-gel-colorant solutions were prepared by hydrolysis of 
Si(OCH3)4 and Si(CH3)(OCH3)3 in the presence of a variety of indicators. The resulting 
arrays show fast response (<30 sec) and high sensitivities with no detectable leaching of 
the colorant in aqueous media. 
2.2. Detection Methods 
Molecular recognition of carbohydrates (which differ primarily in the configuration 
of multiple hydroxyl groups), poses a particularly difficult challenge and generally 
requires the use of protein-saccharide interactions.23;24  The approach used here for the 
identification of carbohydrates is non-enzymatic and relies in part on the differences in 
association constants of boronic acids with diols (e.g., sugars), leading to changes in 
solution pH.25-37  Specifically, arylboronic acids can discriminate among saccharides, as 
shown in Scheme 2.1.  For example, Chang and co-workers recently reported 
discrimination among sugars using pH indicators and boric and arylboronic acids.31  This 
approach is cumbersome, however, because it requires the addition of individual analytes 
to multiple separate liquid solutions of each pH indicator/boronic mixture.  In contrast, it 
is reported here that the single addition of analyte to a printed array of immobilized pH 
indicators in a sol-gel matrix offers advantages in ease of use, sensitivity, expense, and 
reusability.  
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Even more importantly, the presumption30;31 that this discrimination is due 
exclusively to changes in pH is proven incorrect:  even for the class of closely related 
sugars, the colorimetric array data prove to be highly multi-dimensional, with six 
independent dimensions necessary for optimal classification.  This high level of 
dispersion shows that the array is sensing more than simply changes in the pH of the 
weakly buffered boronic acid solution, and instead there must be more direct Lewis acid-
base and hydrogen bonding interactions between the sugars and the indicator pigments:  
pH indicators indicate much more than just pH. 
The association of a boronic acid and a diol involves an equilibrium between the 
trigonal and tetrahedral form of the boronate ester25;33 and depends on the electronic 
nature of the boronic acid.36  Formation of the tetrahedral ester produces hydronium ion 
as a byproduct, thereby lowering the solution pH (Scheme 2.1), which contributes to the 
discrimination among analytes.  To optimize array response, we examined several 
commercially available boronic acids, including phenylboronic acid (pKa 8.8), o-
(hydroxymethyl)-phenylboronic acid (pKa 7.2), 3-nitrophenylboronic acid (pKa 7.1), 2,5-
difluorophenylboronic acid (pKa 7.0), and 2,4,5-trifluorophenylboronic acid (pKa 6.7); 
for our studies, 3-nitrophenylboronic acid was selected due to its superior binding affinity 
for 1,2-diols at physiological pH. 
2.3. Detection and Identification of Sugars 
Molecular recognition of sugars and a practical method to detect and discriminate 
among a large number of such similar analytes remain substantial scientific challenges. 
Herein is described a low-cost, simple colorimetric sensor array capable of identification 
and quantification of sugars and related compounds. Fifteen different monosaccharides, 
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disaccharides, and artificial sweeteners were differentiated without error in 80 trials (see 
Table 2.1 for analyte structures).  Limits of detection at pH 7.4 for glucose were <1 mM, 
which is below physiologically important levels.  
2.3.1. Experimental Methods 
The colorimetric sensor array for this closely related set of analytes consists of a 
variety of pH indicators immobilized within a porous glass matrix (cf. Table 2.2).   
 
Scheme 2.1.  Diol adducts of phenylboronic acid 
 
The porous glass is printed into a porous hydrophilic filter membrane, nitrocellulose 
acetate, which gives the entire system dual porosity—primary porosity coming from the 
2-20nm pores in the glass, and secondary porosity from the 3 µm pore size associated 
with the filter membrane. It is believed that under the conditions described herein, no 
blockage or other damage to the filter membrane occurs; the overall deposition is 
adequate to coat the membrane without reducing the ability for liquids to flow through.  
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Although the boronic acids are well known to react strongly with diols such as sugars, 
optimization experiments must still be performed in order to determine which boronic 
acid to use under changing experimental conditions. For example, phenylboronic acid 
gives the strongest response (undergoes the strongest binding with diols) at a solution pH 
of 9.5. If the solution pH is changed in either direction, the response is lessened. A large 
number of phenylboronic acids were tested to see which would bind diols most strongly 
at physiological pH, so as to give the largest color changes of the immobilized pH 
indicators. 
Among the acids tested were phenylboronic acid, o-(hydroxymethyl)-phenylboronic 
acid, 2,4,5-trifluoro-phenylboronic acid, 2,5-difluoro-phenylboronic acid, and 3-
nitrophenylboronic acid. 25 mM D-glucose was used to test the various phenylboronic 
acids. Additional testing to determine the optimal concentration of phenylboronic acid 
was also performed. Optimally, 5 mM 3-nitrophenylboronic acid gave the strongest 
overall change in pH, and offered the most intense color changes among the pH 
indicators used (cf. Figure 2.1).  2,5-difluoro- and 2,4,5-trifluoro-phenylboronic acid also 
showed color changes, albeit less strongly than the 3-nitro-phenylboronic acid. 
Unsubstituted phenylboronic acid showed little if any affinity for glucose diols at 
physiological pH. 
2.3.1.1. Array Development 
All reagents were obtained from Sigma-Aldrich and used without further purification 
unless otherwise specified.  
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Buffer:  3-nitrophenylboronic acid and Na2HPO4 were dissolved in nano-pure water 
to afford a 5 mM 3-nitrophenylboronic acid / 1 mM phosphate buffer (pH 6.33).  The 
buffer was adjusted to pH 7.4 with 0.5 M NaOH.  A FisherScientific, Accumet® AP61 
pH meter with a FisherScientific, Accumet® AP50 electrode was used for all pH 
measurements.   
Analytes: The sugars and artificial sugars analyzed were used as received from 
Sigma-Aldrich.  Analyte solutions were prepared by dissolving 25 mM of each analyte in 
pH 7.4 3-nitrophenylboronic acid / phosphate buffer.  
Scanner: Data acquisition was performed using an Epson Perfection V200 flatbed 
photo scanner.   
Array Preparation:  Tetramethylorthosilicate (TMOS), methyl-trimethoxysilane 
(MTMS), methanol, and nano-pure water were combined in the molar ratio of 1:1:11:5.  
The mixture was stirred for 2 h at room temperature and then added to the selected 
indicators. The resulting solutions were loaded into a block containing individual 
cylindrical wells (3/8” deep) for each pigment solution.  A floating slotted pin printer 
capable of delivering approximately 100 nL was used to print the pigment-containing 
formulation onto the surface of a hydrophilic membrane (nitro-cellulose acetate, 
Millipore, Cat No. SSWP14250, 3.0 µm).  Once printed, the arrays were placed in a 
nitrogen-flushed glove-bag for 24 hours and then cured in a 65°C oven for 24 hours.   
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Table 2.1 .   Structures of Natural and Artificial Sugars 
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Table 2.2 .  List of Indicators Used 
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2.3.1.2. Experimental Procedure  
The prepared arrays were cut to size (approx. 1 in2) and submerged in a minimal 
amount (10 mL) of 5 mM 3-nitrophenylboronic acid / 1 mM phosphate buffer, adjusted 
to pH 7.4 (from this point forward referred to as “blank buffer solution”).  The container 
holding the blank buffer solution and array was then placed in an ultrasonic cleaning bath 
for one min. to remove any excess indicators and to fully wet the array.  The arrays were 
then placed into injection molded polycarbonate cartridges with two ports for 
injection/removal of aqueous solutions.  Approximately 1.7 mL (cartridge volume) blank 
buffer solution was injected into the cartridge and the cartridge placed atop the flatbed 
scanner. A “before” image was obtained before the blank buffer solution was removed 
and replaced with analyte dissolved in the same solution.  The array was scanned at 1 
min. intervals for a total of 5 min. (equilibration usually occurred within 2 min.) and the 5 
min. data acquisition denoted as the “after” image.  The experiments were performed in 
quintuplicate for each of fifteen analytes and a blank (control).  RGB values were 
obtained in a difference map by subtracting the before image from the after image.  To 
eliminate the possibility of subtraction artifacts caused by acquisitions near the spot edge, 
only the spot center was included in the calculation.  Measurements were performed 
using PhotoshopTM or with  a customized software package, ChemEyeTM 
(ChemSensing, Inc., Champaign, IL 61821 http://www.chemsensing.com).       
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Figure 2.1.  Average color difference maps for five trials of 25 mM D-
glucose in 1 mM phosphate buffer at initial pH 7.4 with five different 
aryl boronic acids at 5 mM.  For each experiment, a printed array was 
digitally imaged with an ordinary flatbed scanner before and after 
exposure to analyte in weakly buffered arylboronic acid solutions, and 
the change in RGB values for each colorant spot was calculated.  For 
display, the color range is expanded from 4 to 8 bits per color (RGB 
range of 4-19 expanded to 0-255). 
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D-Glucose Concentration Study: Concentration-dependence studies were performed 
by exposing several arrays to blank buffer solution (described previously) followed by 
subjecting the arrays to various concentrations of D-glucose dissolved in the same blank 
buffer solution. Concentration profiles were  constructed by plotting the total Euclidean 
distance of the array color change vs. D-glucose concentration using 1 mM, 5 mM, 10 
mM, 25 mM, 50 mM, 100 mM, and 200 mM concentrations of D-glucose dissolved in 
blank buffer.     
D-Glucose Cycling Experiment:  An array was exposed to alternating solutions of 
blank buffer and 25 mM D-glucose dissolved in the same buffer.  The experiments were 
carried out by using a flow system (Masterflex® Console-Drive, Model No. 7520-60, 
peristaltic pump; set at 20 mL/min.).  An array was prepared by using the same procedure 
described above.  The cartridge was heat-sealed and a strip of silicone rubber was used to 
cover the inlet/outlet ports in order to construct a liquid-tight system.  A three-way Teflon 
valve was added to the flow system to provide a quick and responsive method of 
switching among analytes.  The array was exposed to the same pH 7.4 5 mM 3-
nitrophenylboronic acid / 1 mM phosphate buffer system used throughout all the 
experiments for 10 min. to allow for equilibrium. Data acquisition (scanning) was 
performed every min. thereafter.  The 0 min. time scan was used as the “before” image.  
Blank buffer was flowed through the array and scans were taken every min. for 5 min. 
The analyte was switched to 0.05 M D-glucose and data were acquired for 7 min. 
followed by 6 min. of blank buffer solution.  This process was repeated for a total of 
three complete cycles with blank solutions at the beginning and end.  The experiment was 
performed in triplicate. 
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2.3.1.3. Digital Imaging and Data Analysis  
Difference maps were obtained by taking the difference of the red, green, and blue (RGB) 
values from the center of every dye spot (~300 pixels) from the “before” and “after” 
images as shown in Figure 2.2.  Averaging of the centers of the spots avoids artifacts 
from non-uniformity of the dye spots, especially at their edges.  Each spot on the array is 
described numerically by its RGB values.  The use of an 8-bit imaging scanner produces 
red, green, and blue values ranging from 0-255, such that an RGB value of (0, 0, 0) is 
black, while a value of (255, 255, 255) is white.  Expressing each spot in this manner 
allows for reproducible differentiation from “before” to “after” images by simple 
subtraction of each RGB component.  As a result, each analyte is represented digitally by 
a 48-dimentional vector (16 red, green, and blue color difference values).  These 
difference maps are then used to create a digital database using the full 256 RGB range.  
For viewing purposes, however, the color palette of the difference map is enhanced by 
expanding the color range.  For example, if the color range from 4-19 was expanded to 0-
255 (4 bit expanded to 8 bit), any RGB change less than 4 is treated as background noise 
and ignored, while changes greater than 19 would be considered 255. It should be 
stressed, however, that only the original data are used in the production of the digital 
difference maps.  
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Figure 2.2.  Digital images of the colorimetric sensor array before and 
after 5 min. exposure to 25 mM D-fructose.  Subtraction of the two 
images (red minus red, green minus green, blue minus blue) yields a 
difference vector (right) in 48 dimensions.  For display purposes only, 
the color range of the difference map has been expanded from 5 to 8 bits 
(i.e., an RGB range of 4-35 is shown expanded to 0-255).  
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2.3.2. Experimental Results 
Difference maps displaying the array response to a five minute exposure to each 
sugar analyte can be seen in Figure 2.3. 
2.3.2.1. Hierarchical Clustering Analysis 
To test the reproducibility and selectivity of the array, hierarchical clustering analysis 
was performed on the entire database of response to each analyte at 5 minutes of 
exposure. Hierarchical cluster analysis was performed using the usual minimum variance 
method38;39 or Ward’s methods.  Several variations of HCA exist, which use different 
distance metrics and different methods of determining cluster-to-cluster distances.40 
Distances were typically calculated using either the Euclidean or squared Euclidean 
distances.  For vectors X and Y, each containing n elements, the Euclidean distance (DE) 
is calculated as shown below: 
DE  =  [(x1-y1)2 + (x2-y2)2 + … (xn-yn)2]1/2 
The squared Euclidean distance, then, is simply the sum of the squared differences.  
It is important to note that the greater the overall response, the greater the potential 
for minor discrepancies among trials of the same analyte. As an example, saccharin, 
among the strongest responding analytes, shows relatively large differences from trial to 
trial when compared to lesser responding analytes. This does not take away from the 
overall selectivity and reproducibility of the array. After 80 trials (16 analytes; 
quintuplicate trials), no misclassifications were observed (Figure 2.4), owing to the 
excellent ability of the array to distinguish among a large number of very similar 
analytes. 
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Figure 2.3. Color difference maps of 15 sugars and sweeteners after 
equilibration at 25 mM concentration, except for sucrose (150 mM).  
For visualization, the color range is expanded from 4 to 8 bits per color 
(RGB range of 4-19 expanded to 0-255), except for -lactose, sucrose, 
and the control (4-7 to 0-255) due to low response. 
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Figure 2.4. Hierarchical cluster analysis for 15 sugars and one control. 
All experiments were performed in quintuplicate; no confusions or 
errors in classification were observed in 80 trials, as shown. After the 
sugar name, the trial number is given. 
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2.3.2.2. Array Response Time 
In order to be of any use, the colorimetric sensor array must give a rapid response to 
the analytes. The response of the array is mass transport limited; interaction times 
(ligation, proton transfer, etc.) are much faster than the typically observed array response.  
Under proper conditions of rapid liquid flow or direct analyte solution injection, 
equilibration of the array to many analytes occurred within two minutes, even at low 
analyte concentrations; to assure > 95% equilibrium, data collected five minutes after 
exposure were used in obtaining the total difference; seen in Figure 2.5.  Under static 
diffusion conditions or slow flow rates, equilibration (especially with low volatility 
analytes) occurred much more slowly.  
2.3.2.3. Glucose Concentration Testing and Limit of Detection 
In addition to rapid response, high sensitivity to carbohydrates is essential for most 
practical applications. For example, the physiological range of glucose concentrations is 
~2 to 50 mM; the normal fasting plasma glucose concentrations (FPG) is ~5 mM and the 
threshold of diabetes is >7.0 mM; and diabetic glucose concentrations 2 h after an oral 
glucose tolerance test are >11.1 mM. 
The limit of detection of the array was determined by exposure to various 
concentrations of D-glucose.  The overall response of the array (as measured by the total 
Euclidean difference, i.e., the square root of the sum of the squares of each color change 
of 16 pigments) vs. D-glucose concentration is shown in Figure 2.6.  The array’s lower 
limit of detection (LOD) for the array, defined as 3*S/N, is <1 mM.   
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Figure 2.5.  Total Euclidean distance versus time for six representative 
sugars at 25 mM concentration; as shown, >90% equilibration occurs in 
1 min. 
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The limit of recognition (LOR) for an array is system and interferent dependent and 
therefore not as well defined.  A color difference map detailing the color change profiles 
of the array versus varying D-glucose concentrations is shown in Figure 2.7. 
2.3.2.4. Glucose Cycling Testing 
Although the array is inexpensive, disposable, and intended for single use, many of 
the reactions taking place are, in fact, reversible.  In a very real sense, however, the 
sensor array is a “chemical fuse” and can be used to monitor changes in concentration 
and composition. Like an electrical fuse, which can take a certain amount of fluctuating 
voltage before blowing, the array is a chemical fuse that works at until the dyes in the 
array are saturated; at this point the array (chemical fuse) is blown and must be replaced.  
If the array is exposed to low and fluctuating levels of analytes, the color changes can be 
reversed if the array was flushed with blank buffer solution. After a single exposure to a 
high concentration of an analyte can take the array a significant amount of time to return 
to non-used condition, but the color changes can eventually be reversed. We therefore 
examined the reusability of the arrays via cycling experiments in which an array is 
exposed to blank buffer solution using a 20 mL/min flow system (obtaining a “before” 
image) and then subjected to the same buffer infused with analyte (sugars) followed by 
plain buffer again for three complete cycles.  Surprisingly good reusability was observed, 
(cf. Figure 2.8). Again the rate determining step in return to initial state of the array is 
mass transport. 
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Figure 2.6.  Total Euclidean distance of the array color change versus 
D-glucose concentration. Inset expands the biologically important 
region. 
 
 
 
Figure 2.7.  Color difference maps of varying D-glucose concentrations.  
Color range is expanded from 2 to 8 bits per color (2-5 to 0-255). 
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Figure 2.8.  Repeated cycling of the array between 25 mM D-glucose 
exposure (gray) and buffer. The array was exposed to a flow of buffer 
solution (20 mL/min) and a “before” image obtained; the flow was then 
switched to the same buffer infused with glucose. Due to dead volume 
and mixing times in the flow apparatus, full equilibration required ~6 
min; in the absence of such dead volumes, the intrinsic response time of 
the array is <30 sec. 
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2.3.3. Chemometric Analysis 
2.3.3.1. Principal Component Analysis (PCA) 
Principal component analysis (PCA)38-44 is well suited to determine the number of 
meaningful independent dimensions probed by a cross-reactive array. It is a way of 
identifying patterns in data, and expressing the data in such a way as to highlight their 
similarities and differences. The eigenvector of each principal component defines the 
linear combination of the response of each sensor parameter by the amount of variance in 
the data along each principal component. The total number of eigenvectors must be n-1 
for n analytes. 
2.3.3.2. Linear Discriminant Analysis (LDA) 
Linear discriminant analysis (LDA)38-44 and the related Fisher's linear discriminant are 
methods used in statistics and machine learning to find a linear combination of features 
that characterize or separate two or more classes of objects or events. The resulting 
combination may be used as a linear classifier or, more commonly, for dimensionality 
reduction before later classification. LDA can assist in determining an error rate in the 
classification of two or more analytes. The error rate, in turn, can then be used to measure 
the discriminating strength of the colorimetric sensor array. By plotting the number of 
misclassifications per total classifications versus the number of LDA directions used, the 
resulting misclassification rate plot can be produced. It has been quite generally assumed 
(incorrectly as we shall see) that the discrimination among saccharides with boronic acids 
using pH indicators is due only to pH changes.  If this were the case, then a single 
dimension (i.e., pH) would lead to optimum classification of the data from the  
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Figure 2.9.  Classification error rate for Linear Discriminant Analysis 
(LDA) as a function of increasing numbers of components using 15 
sugars and one control as the analytes.  For each dimensionality, the 
LDA classification error was established using a leave-one-out cross 
validation. The error rate is a minimum with six dimensions. 
 
Figure 2.10.  Classification error rate for Linear Discriminant Analysis 
(LDA) as a function of increasing numbers of components.  Data set 
includes blank buffer adjusted to varying pH values (measuring the 
response of the array to changes in pH only).  For each dimensionality, 
the LDA classification error was established using a leave-one-out cross 
validation. The error rate is zero by the second component. 
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Figure 2.11.  Classification error rate for Linear Discriminant Analysis 
(LDA) as a function of increasing numbers of components for both the 
control data, in which only pH was changed, and data for sugar and 
sweetener analytes.  For each dimensionality, the LDA classification 
error was established using a leave-one-out cross validation. 
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colorimetric array.  When we examined the classification by principal component 
analysis (PCA) or linear discriminant analysis (LDA) of our color change profile 
database, however, we were surprised to find a much higher dimensionality for the 
colorimetric array discrimination.  
In an attempt to prove this hypothesis, experiments were designed and performed that 
directly compare the dimensionality of the array response toward solutions of sugar 
analytes and toward hydrochloric acid or sodium hydroxide. Solutions comprised of 
blank buffer solution adjusted to known pH values via addition of 0.5 M HCl or 0.5 M 
NaOH dissolved in the same blank buffer solution were produced.  The arrays were 
exposed to blank buffer solution in a fashion similar to that previously discussed to obtain 
a before image.  The blank buffer solution was then withdrawn from the cartridge and 
replaced with the buffer solutions adjusted to the following pH values:  2.0, 3.0, 4.0, 5.0, 
6.0, 6.5, 7.0, 7.4, 8.0, and 8.5.  Images were obtained at one min. intervals for a total of 5 
min., with the last min. used in the production of difference maps.  The classification 
error rate using LDA (leave-one-out cross validation) for the sugar and sweetener 
analytes requires a minimum of six dimensions for optimum discrimination (cf. Figures 
2.9 and 2.10), whereas control solutions with changed pH require at most two dimensions 
(with only one dimension needed for 92% accuracy). A more in-depth plot is shown in 
Figure 2.11.  The array is therefore discriminating between analytes through more 
interactions than pH alone: more direct Lewis acid-base and hydrogen bonding 
interactions between the sugars and the indicator pigments must also play a role.45;46 
Tests of each pH solution were done in quintuplicate, and a principal component analysis 
was performed  
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Figure 2.12.  PCA plot showing the overall dimensionality of the sensor 
array toward sugars and sugar analogs: 7 dimensions are required to 
define 90% of the total variance, 10 dimensions for 95%. 
 
 
Figure 2.13.  PCA plot showing the overall dimensionality of the sensor 
array toward only changes in solution pH: 1 dimension is required to 
define 95% of the total variance, 2 dimensions for > 99.5%. 
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using the digital database. The PCA plots are shown in Figures 2.12 and 2.13.  Consistent 
with the LDA results, a minimum of nine dimensions are required for error-free 
classification of our data by HCA (cf. Figure 2.14), albeit the pKa of the sugar-boronic 
acid adduct is the single largest discriminant. 
2.3.4. Conclusions 
Colorimetric sensor arrays represent a fundamentally new approach in the field of 
sensing. The use of porous glasses to immobilize chemically reactive indicators is a novel 
technique in the area of sugar detection and identification. In summary, we have created a 
simple disposable colorimetric sensor array of nanoporous pigments can easily 
discriminate among a wide range of mono- and disaccharides, as well as artificial 
sweeteners. Sensitivities below 1 mM have been demonstrated for D-glucose at 
physiological pH.  Classification analysis reveals that the colorimetric sensor array has an 
extremely high dimensionality, even for this family of very closely related analytes, with 
six dimensions necessary for optimum classification.  The pH change created by the 
boronic acid adducts of the sugars, therefore, is only one (albeit substantial) component 
in the overall discrimination among these analytes.  
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Figure 2.14.  Classification error rate for Hierarchical Cluster Analysis 
as a function of increasing numbers of principal component dimensions. 
Nine dimensions are the minimum necessary for error-free clustering of 
80 trials of 15 different sugars plus the control. 
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2.4. Natural and Artificial Sweeteners 
The development of a disposable, low-cost colorimetric sensor array made up of 16 
chemically responsive pH indicators immobilized in an organically modified silane 
(ormosil) and pin-printed onto a hydrophilic membrane is reported.  The array has been 
used to detect and identify 14 different natural and artificial sweeteners as well as 
commonly used “table-top” sweetener packets at millimolar concentrations.  The array 
has shown excellent reproducibility and long shelf-life capability and has been optimized 
to work in the biological pH regime. 
2.4.1. Introduction 
Array based sensing has emerged as a powerful tool for the detection of chemically 
diverse analytes.  These systems mimic the mammalian gustatory and olfactory systems 
by producing specificity, not from any single sensor, but as a unique composite response 
for each analyte.  Such cross-reactive sensor arrays have application both as electronic 
nose technology for the detection of gaseous analytes,1-3;5;6 and as electronic tongue 
technology for the detection of aqueous analytes.8;9  Conventional sensor arrays typically 
have been based on a variety of changes in the properties of individual sensors.  
Examples include absorption of the analyte into conductive polymers or polymer 
composites can change the electrical properties of those polymers or composites,47 and 
adsorption of the analyte onto surfaces of materials such as metal oxides that can promote 
combustion reactions, oxidation reactions or other electrochemical processes which can 
be electrically detected.48 
In the past, our group has developed a series of simple, yet effective colorimetric 
sensor arrays that have employed an optoelectronic approach for the detection and 
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identification of a wide range of analytes.10-17;49 Previous printing formulations have been 
based on plasticized hydrophobic colorants that showed insensitivity to humidity while 
proving quite effective for the detection of gaseous analytes10-14;49 and hydrophobic 
organic analytes in aqueous solutions.15-17  However, the response time and sensitivity of 
our hydrophobic sensing platform proved to be unsuitable for hydrophilic analytes, such 
as carbohydrates.  To facilitate rapid detection it is necessary that all chromogenic centers 
are accessible to analytes and the dye must remain impervious to leaching or blooming 
upon exposure to aqueous solutions. One possible method is to immobilize soluble dyes 
in a porous or permeable host material thereby restricting undesired mobility of the 
colorant. Among different host materials available, ORMOSILs (organically modified 
silicates) were investigated due to their high chemical and mechanical stability.  
Furthermore, the ability to control the final properties of the xerogel (e.g., porosity, 
hydrophobicity, range of pH response) by means of simple modifications of the silane 
precursors, pH, and water content makes this method particularly advantageous.50-53 We 
have recently reported the use of a nanoporous pigment array for the discrimination of a 
number of carbohydrates, and we now wish to report the extension of this work to the 
detection and identification of natural and artificial sweeteners.54 
Artificial sweeteners represent 62% of the commercial sweetener market, and they are 
found in many products ranging from carbonated drinks to pharmaceutical products. 
Increases in the production and use of artificial sweeteners are phenomenal: there has 
been an estimated 600% increase in total high intensity sweetener consumption between 
1980 and 2005.55 It has been reported that global sugar alcohol production is rising at 
nearly 2.2 percent per year with 2005 production estimated at nearly 900,000 tons.56   
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There are no practical colorimetric methods for detection and quantification of 
sweeteners to assist in food quality control. Analytical techniques such as ion 
chromatography, HPLC, potentiometry, and fluorescence detection are tedious and 
cumbersome due to the need for sensitive equipment and slow analysis times.57-66 
Reported here is a low-cost, simple colorimetric sensor array capable of facile 
discrimination among a number of commonly used natural and artificial sweeteners at 
biological pH and in the presence of “real-world” interferents. In addition, discrimination 
among variable concentrations of the same analyte is possible thus suggesting that 
analytes of different concentrations can be treated as separate analytes.The array is 
capable of performing real-world applications and has been shown to exhibit exceptional 
reproducibility and long shelf-life. 
2.4.2. Experimental 
All reagents were obtained from Sigma-Aldrich and used as-received unless 
otherwise specified.  All pH measurements were performed by using a FisherScientific, 
Accumet® AP61 pH meter with a FisherScientific, Accumet® AP50 electrode.   
Preparation of the Buffer Solution: 3-nitrophenylboronic acid and disodium 
phosphate (dibasic) were dissolved in nano-pure water to afford a 1 mM phosphate buffer 
solution with 5 mM 3-nitrophenylboronic acid, which was adjusted to pH 7.45 using 
0.5M sodium hydroxide dissolved in the same solution.   
Preparation of 25 mM Analyte Solutions: the analyte solutions were prepared by 
dissolving the sugars, sugar alcohols, and artificial sweeteners (Table 2.3) in the pH 7.45, 
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5 mM 3-nitrophenylboronic acid / 1 mM phosphate buffer solution (5:1, 3-NPBA:PO4) to 
produce 25 mM solutions of each.   
Preparation of Variable Concentration Solutions: solutions for the variable 
concentration experiments (D-glucose and saccharin) were prepared in the same manner 
as above.  
Preparation of Sweetener Packet Solutions: sweetener packet solutions were prepared 
by dissolving one serving packet (1 gram for Sweet’N Low®, Stevita®, Equal®, and 
Splenda®, ~2.75 grams for Domino® sugar and Sugar in the Raw®) in 120 mL (~ 4 oz) of 
the above-mentioned 5:1, 3-NPBA:PO4 buffer solution.   
Preparation of Tea Samples:  “White-Peony” tea was purchased from a local coffee 
shop (Espresso Royale Café®, Champaign IL).  Approximately 3 grams of tea leaves 
were placed in a tea-bag and steeped in boiling water for 4 minutes.  The tea was allowed 
to cool to room temperature and filtered to remove any particulates.  One packet of each 
sweetener analyte was added to 120 mL of the blank white tea solution and stirred to 
completely dissolve the analyte.  
2.4.2.1. Preparation of the Colorimetric Sensor Array  
A solution of tetramethylorthosilicate (TMOS), methyltrimethoxysilane (MTMS), 
methanol, and water was prepared in the molar ratio of 1:1:11:5.  After being stirred for 
two hours, the sol-gel solution was added to the selected indicators. The resulting 
solution was loaded into a 1 x 1 x 1/2 in Teflon block containing pre-drilled, individual 
cylindrical wells, each 3/8” deep. Using 16 slotted pins capable of delivering 
approximately 150 nL of the formulation, the array was printed on a nitro-cellulose 
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acetate membrane (Millipore, Catalog No. SSWP14250).  Printed membrane sheets were 
placed in a 60 ºC oven for 24 hours after which the oven temperature was lowered to  
35 ºC and the arrays left at this temperature for an additional 24 hours.  The arrays were 
stored under nitrogen until use (cf. Table 2.4 for indicator list and position on the array). 
2.4.2.2. Experimental Set-up 
For a typical test, the array was sonicated in a 5:1, 3-NPBA:PO4 buffer solution for 
~1 minute to remove any excess indicator and fully wet the array.  The array was then 
placed into a polycarbonate cartridge, and approximately 1.7 mL (cartridge volume) of 
5:1, 3-NPBA:PO4 buffer solution was injected into the cartridge.  The cartridge was 
placed on an Epson® Perfection V200 scanner.  A “before” image was obtained and the 
blank solution was replaced with an analyte solution.  Although equilibration generally 
takes less than 2 mins, the 5 minute scan was used as the “after” image to ensure 
complete equilibration, particularly in the case of weakly responding analytes. 
2.4.2.3. Methods of Detection  
The selective association of a boronic acid and a diol has been extensively 
studied.29;67  By taking advantage of this reaction, several groups have developed 
effective methods to discriminate among different carbohydrates.  Selectivity relies in 
part on differences in association constants of boronic acids with diols,35;36 which results 
in changes in solution pH. 
 
86 
 
 
 
 
Table 2.3. Natural and Artificial Sweetener Structures    
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 Arylboronic acids, in particular, have shown the greatest affinity for carbohydrates, in 
fact new arylboronic acid compounds have been developed specifically to detect specific 
carbohydrates at varying pH.26;32;33  In addition, these boronic acid compounds can be 
combined with color-changing pH indicators or be functionalized to report a color change 
upon complexation with diols.25;27;30;31;34;37  
For carbohydrates, our sensing assembly relies on a selective association of a boronic 
acid and a diol, a reaction that lowers the solution pH upon complexation. However, 
other interactions of these complexes can also serve as the basis for detecting diol-
containing compounds, including the inherent pKa values associated with the boronic 
acid-diol complexes themselves.  Additionally, the naturally varied pKa values observed 
in artificial sweeteners such as saccharin and aspartame assist in their discrimination by 
lowering (or increasing in the case of sodium cyclamate and acesulfame potassium) the 
solution pH as well as participating in other non-pH related analyte-dye interactions (i.e., 
Lewis acid-base, dipolar, π-π, etc.).   
Because the detection method partially depends on the a change in pH, we have 
chosen to weakly buffer our system to protect against small changes in pH associated 
with absorption of CO2, or other gases that can act to lower or raise the baseline pH 
(7.45).  A similar technique has been employed by Chang and co-workers who have 
reported the successful detection and discrimination of a number of saccharides using two 
boronic acid systems and analyte concentrations of 100 mM.31  Our approach requires 
only one arylboronic acid and alleviates the need for multiple “well-plate” additions. 
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  Table 2.4.   Color-Changing Indicator Structures      
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2.4.3. Experimental Results 
2.4.3.1. Array Response Time 
By controlling the hydrophobicity and pore size of the sol-gel matrix, in conjunction 
with printing onto a hydrophilic membrane, rapid response times were achieved for most 
analytes. To study the overall response times of our array, we have conducted several 
experiments that enabled us to track the total Euclidean Distance change (the square root 
of the sum of the squares of each color change of 16 pigments) as a function of time. In 
nearly all cases > 90% of the total color change was completed within 3 minutes (most 
even by 2 minutes).  The overall response of the array to a series of sugar alcohols 
commonly used as sweeteners, such as sorbitol and xylitol (found in “sugar free” gums) 
and maltitol (used in many hard candies and reduced-sugar ice creams) are shown in 
Figure 2.15. Furthermore, Figure 2.16 shows the response of the array to several 
artificially produced sugar substitutes including saccharin and aspartame (the sweetening 
agent in some sweetener packets). In the latter case, the overall Euclidean difference was 
normalized to a control to avoid the overlap of two analytes, aspartame and sodium 
cyclamate, due to the inability of the Euclidean distance technique to recognize 
directionality. 
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Figure 2.15.  Response time curves for several sugar alcohols. The 
overall responses to a series of analytes commonly used as sweeteners, 
such as sorbitol and xylitol (found in “sugar free” gums) and maltitol 
(used in many hard candies and reduced-sugar ice creams) are shown. 
 
Figure 2.16.  Response time curves for several artificial sweeteners.  A 
directional Euclidean Distance was defined by offsetting the observed 
color changes by +255 to permit differentiation between positive and 
negative changes in RGB values, and the resulting Euclidean difference 
renormalized by subtraction of (16*2552)1/2. 
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2.4.3.2. Natural and Artificial Sweeteners 
To demonstrate the abilities of the current colorimetric sensor array, 14 naturally 
occurring and artificially produced sweeteners were tested.  These compounds can be 
separated into three categories: (1) natural sugars (i.e., D-glucose, D-fructose, etc.), (2) 
sugar alcohols (i.e., xylitol, sorbitol, etc.), and (3) artificial sweeteners (i.e., aspartame, 
saccharin, etc.).  The last category, artificial sweeteners, consists of sweeteners with a 
variety of functionalities (e.g., sulfonates, sulfonylamides, and sulfonamides), none of 
which are diols.  The last artificial sweetener in the group, aspartame, is a methyl ester of 
the dipeptide of the amino acids aspartic acid and phenylalanine.  Each analyte was 
dissolved in a weakly buffered (1 mM) phosphate buffer at pH 7.45 with 5 mM 3-
nitrophenylboronic acid to afford a 25 mM analyte solution (additional analysis of 
analytes with varying concentrations is discussed later).  The array was allowed to 
equilibrate with a blank phosphate/boronic acid solution for 1 minute to allow a “before” 
image to be obtained. Immediately upon scanning, the blank was removed and replaced 
with the analyte solution; scans were taken every minute for 5 minutes to ensure full 
equilibration, and the 5 minute scan used as the “after” image. 
 The representative difference maps for the 14 different natural and artificial sweeteners 
can be seen in Figure 2.17.  In nearly all cases, the pH of the analyte solution was 
depressed in relation to the blank solution pH of 7.45.  The two exceptions, sodium 
cyclamate and acesulfame potassium, neither of which can participate in the boronic 
acid-diol complexation discussed earlier, are salts of relatively weak acids and raised the 
solution pH to ~8 
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Figure 2.17.  Color difference maps of 14 natural and artificial 
sweeteners and one control after equilibration at 25 mM concentration 
(except sucrose at 75 mM). For display purposes, the color range is 
expanded from 4 to 8 bits per color (RGB range of 3-18 expanded to 0-
255). 
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.  One drawback to using difference maps alone to discriminate among several analytes is 
that inherently the maps show only whether a spot’s color has changed, but do not show 
the direction of that change. Therefore, two analytes that are quite different can show 
very similar difference maps.  For this reason, the high dispersion of the colorimetric 
sensor array data requires a classification algorithm that takes advantage of the full 
dimensionality of the data. 
A simple and model-free approach is hierarchical cluster analysis (HCA).38-40  The 
HCA forms dendrograms based on clustering of the array response data in the 48-
dimentional ΔRGB color space.  Hierarchical clustering analysis for the 14 separate 
natural and artificial sweetener analytes plus one control can be seen in Figure 2.18.   
Each entry in the figure represents quintuplicate trials. Amazingly, for the 100 total cases, 
there were no errors and zero misclassifications. 
2.4.3.3. Changes in Analyte Concentration 
By simply altering an analytes concentration, a new analyte has been produced. As 
more analytes are tested simultaneously using the colorimetric sensor array, the 
possibility of overlapping data (misclassifications) increases. This is particularly true 
when the concentration of one analyte is altered only slightly and tested against similar 
concentrations of that same analyte. To support the hypothesis that two test solutions that 
differ only in concentration can, in fact, be treated as separate analytes, multiple 
concentrations of two sweeteners, D-glucose and saccharin, were analyzed. It was 
surprising just how well the sensor array discriminated among such similar analytes. In 
the case of saccharin, every concentration clustered discretely, yet  
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Figure 2.18.  Hierarchical cluster analysis for 14 natural and artificial 
sweeteners at equal concentrations. Each entry represents quintuplicate 
trials of each analyte. No misclassifications were reported. 
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Figure 2.19.   Hierarchical cluster analysis for 14 separate analytes (including 
triplicate trials of two representative analytes of varying concentrations) and 
one control. With the exception of D-glucose and saccharin, each entry 
represents quintuplicate trials. There were no errors and zero 
misclassifications in 100 total trials. 
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formed a secondary cluster; for glucose, higher concentrations clustered away from 
weaker concentrations, but no overlapping occurred. Figure 2.18 shows the dendrogram 
for the full database. 
2.4.3.4. Blue, Pink, or Yellow 
To further test the capabilities of the array, a number of commonly accessible, single-
serving sweeteners were tested.  The sweeteners included: Sweet’N Low®, Equal®, 
Splenda®, Stevita®, Domino® sugar, and Sugar in the Raw®. One packet of each analyte 
was added to 4 oz. (~120 mL) of weakly buffered boronic acid solution (see previous 
section for details).  In the cases of Sweet’N Low®, Equal®, Splenda®, and Stevita®, one 
packet contains one net gram of product, whereas Domino® sugar and Sugar in the Raw® 
contain ~3.5 g and ~4.2 g, respectively. The sweeteners were used as received, and 
allowed to stir in the buffer solution for >1 hour to ensure dissolution.   
As before, difference maps were obtained using the full digital database as shown in 
Figure 2.20. Once again, the color range has been expanded for the purposes of 
visualization.  The characteristics required for discrimination among this set of analytes 
are three-fold: (1) the inherent pKa values of the active “sweetening” agent (i.e., 
aspartame in Equal®), (2) differing amounts of dextrose (D-glucose), or sucrose included 
in each packet that can bind to the boronic acid, and (3) different bulking and anti-caking 
agents added to each packet that can themselves act as buffers.  To further show the 
discriminating power of our array, a hierarchical dendrogram of the triplicate trials of the 
six analytes and one control can be seen in Figure 2.21. 
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Figure 2.20.  Color difference maps for 6 commonly used natural and 
artificial sweeteners and one control. One packet of each analyte was 
dissolved in 4 oz. of weakly buffered 5 mM 3-nitrophenylboronic acid 
solution (pH 7.45) and scanned for 5 minutes after exposure. The color 
range is expanded from 3 to 8 bits per color (RGB range of 3-10 
expanded to 0-255).  
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Figure 2.21.  Hierarchical cluster analysis dendrogram for 6 commonly 
used natural and artificial sweeteners (1 packet per 4 oz. weakly 
buffered pH 7.45 3-nitrophenylboronic acid solution). Experiments 
were performed in triplicate (after the sugar name, the trial number is 
given).  
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2.4.3.5. Sweetener Packs vs. Active Sweeteners 
As an additional exercise, we compared the response of the array to two aqueous 
samples, each containing 36 mg. of saccharin. The solutions were made using one packet 
of Sweet’N Low® brand sweetener and saccharin purchased from Aldrich.  It can be 
easily seen by eye (Figure 2.22) that our array responds differently to the two samples 
with the lower overall response being to the packeted sweetener, presumably because the 
latter contains other ingredients. 
2.4.3.6. Sweetened Tea 
In an attempt to test the array against possible interferents as well as bring in “real-
world” applications, we sought to discriminate among store-bought teas that had been 
sweetened using a common individual serving of various sweeteners.  Each experiment 
was conducted by dissolving a sweetener in hot tea and allowing the tea-sweetener 
mixture to cool to room temperature; unsweetened tea was used as the blank (control).  
An HCA dendrogram along with difference maps that show the average response of 
triplicate trials of each sweetener are shown in Figure 2.23.  As expected, Domino® sugar 
showed very little response due to the absence of strong boronic acid-diol interactions 
with the dominant ingredient (sucrose).  The sweetener Equal® once again showed the 
greatest response, likely due to the lack of anti-caking agents such as calcium-silicate or 
cream of tartar (potassium bitartrate) that can themselves act as buffers, thereby slowing 
or preventing the color-change of many pH indicators. The HCA shows excellent 
discrimination among each of the analytes.  
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Figure 2.22.  Hierarchical cluster analysis and color difference maps 
(inset shows averages) of septuplicate trials of two saccharin solutions, 
one made using Sweet’N Low® brand sweetener (1 individual serving 
packet) and the other using the same amount (36 mg) of pure saccharin 
from Aldrich.  Each was dissolved in 4 oz of weakly buffered 5 mM 3-
nitrophenylboronic acid solution (pH 7.45) and scanned after 5 minutes. 
The color range is expanded from 4 to 8 bits per color (RGB range of 3-
18 expanded to 0-255). 
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Figure 2.23.  A.) Color difference maps (RGB range of 4-7 expanded to 
0-255) and B.) Hierarchical cluster analysis for 4 oz. (~120 mL) tea 
infused with 1 packet of each sweetener, plus one control. As always, the 
difference between the “before” and 5 minutes “after” data scans are 
measured. 
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2.4.3.7. Reproducibility and Shelf-Life 
To demonstrate the reproducibility of the array, we chose an example of each class of 
analyte.  Five trials were performed using arrays from several batches, printed on 
different days.  In order to prove reproducibility regardless of analyte strength, we 
selected a weakly responding analyte,  Stevita®, a moderately responding analyte, 
aspartame (an artificial sweetener used in soft-drinks as well as Equal® brand sweetener), 
and  a relatively strong responding sugar-alcohol, mannitol.  Figure 2.24 shows the 
difference maps of each of the five trials performed for each analyte.  It is obvious, even 
by eye, that the trials for each sweetener are very similar to one another, and significantly 
different from analyte to analyte.  
It has been previously shown that the arrays show little or no difference from batch to 
batch; just as important is the reproducibility of the array from day to day.  Therefore, we 
conducted a series of experiments to specifically test the array’s response over the course 
of several weeks.  Arrays were printed in the manner discussed earlier and allowed to 
cure for three days.  Triplicate trials for each of three analytes (chosen randomly) were 
conducted every 48 hours for 21 days; excellent reproducibility was observed, as shown 
in Figure 2.25.  A more quantitative comparison was done using HCA and extremely 
close clustering was observed among septuplicate trials of each analyte with a very large 
relative separation among the different analytes, as shown in the HCA dendrogram in 
Figure 2.26. 
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Figure 2.24.  Color difference maps showing quintuplicate trials of each 
of three classes of sweeteners,. Each was performed using arrays from 
different print batches.  The color range is expanded from 4 to 8 bits 
per color (RGB range of 3-18 expanded to 0-255). 
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Figure 2.25.  Color difference maps displaying the shelf-life of the array. 
The caption under each image shows the number of days after which 
the arrays were printed that each trial was performed.  The color range 
is expanded from 4 to 8 bits. To the eye, the arrays appear stable for > 3 
weeks.   
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Figure 2.26.  Hierarchical cluster analysis dendrogram showing overall 
array shelf-life (up to 3 weeks). Next to each analyte is a number 
representing the number of days of aging prior to testing.  Very little 
variance within each analyte cluster was observed.   
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2.4.4. Statistical Analysis 
2.4.4.1. Principal Components Analysis 
Principal Component Analysis (PCA)38-44 can be used to extract variance among 
entries in a set of data via mathematical transformations.  In this case, data points in the 
form of changes in RGB values for all analytes are considered and a set of orthogonal 
eigenvectors or principal components are generated. Each consecutive eigenvector cuts 
the previous eigenvector (or sets of eigenvectors) such that maximum variance is 
achieved. The maximum number of principal components is equal to 3N-1, where N is 
the number of dyes in the array.  The PCA scores help to define the dimensionality of a 
given array.  These scores can be plotted, usually using the first two or three most 
important principal components, to produce a PCA score plot. Such plots can show two 
or three dimensional clustering, and help to show which analytes are similar to, or 
different from, one another.  Examples of these plots that display the impressive 
discriminating power of the sensor array are shown in Figures 2.27 and 2.28. 
PCA can also be used to interpret a sensor array’s inherent dimensionality, or reaction 
space being probed. The PCA scree plots graphically represent the percentage of variance 
attributed to each principal component. Using a set of 14 natural and artificial sweeteners 
as analytes, the PCA scree plot shows three components necessary to represent 95% of 
the overall variance, owing to the array’s ability to probe more than just pH. When tested 
against six “table-top” sweeteners, four dimensions are required to define 95% of the 
total variance whereas eight dimensions are needed to define > 99% of the variance (cf. 
Figures 2.29 and 2.30). 
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Figure 2.27.  PCA score plot using the two most important principal 
components. Each cluster represents one of 14 sweeteners or one 
control.  Quintuplicate trials were performed for each analyte. 
 
 
Figure 2.28.  Principal components analysis score plot for 6 commonly 
used natural and artificial sweeteners. Interestingly, two obvious 
patterns emerge: (1) the close relationship among natural sugars, and 
(2) the proximity of all three artificial sweeteners. Experiments were 
performed in triplicate. 
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Figure 2.29.  PCA plot from a principal components analysis  for the 
detection and identification of fourteen natural and artificial sweeteners 
plus one control.  Four dimensions are required to define >99% of the 
total variance. 
 
 
Figure 2.30.  PCA plot from a principal components analysis for the 
detection and identification of individual serving packets of six different 
sweeteners plus one control.  Four dimensions are required to define 
>95% of the total variance and eight dimensions are required for >99% 
of the total variance. 
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2.4.4.2. Linear Discriminant Analysis 
Linear Discriminant Analysis (LDA) is one of the prevailing methods for 
classification analysis.38-44 It has been shown recently to be comparable to many 
complicated classifiers in many high dimensional applications. For the 108 measurements 
obtained from each analyte, the total variation of the measurements can be decomposed 
into two parts: the between-group variation and the within-group variation. LDA finds 
linear combinations of the measurements that maximize the between group variation 
relative to the within-group variation. More specifically, LDA finds low dimensional 
projections of the original data that can best separate the analytes. 
Linear discriminant analysis gave general agreement with the PCA, with respect to 
the array’s overall dimensionality (Figures 2.31 and 2.32). By examining the 
classification error rates for LDA as a function of increasing numbers of principal 
components (using a “leave-one-out” cross validation), the error rate became zero at 
seven dimensions for the 14 natural and artificial sweeteners and at four dimensions for 
the artificial sweeteners alone. 
2.4.5. Conclusions 
We have designed a disposable colorimetric sensor array capable of the detection and 
discrimination of a large number of commonly used natural and artificial sweeteners.  
The array is composed of a series of sol-gel encapsulated pigments immobilized on a 
hydrophilic, porous membrane.  This entrapment technique allows for rapid interactions 
between aqueous analytes (or their byproducts) and the hydrophilic indicators, whereas  
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Figure 2.31. Classification error rates for Linear Discriminant Analysis 
(LDA) as a function of increasing numbers of principal components for 
fourteen natural and artificial sweeteners plus one control. The LDA 
classification error was established using a “leave-one-out” cross 
validation. The error rate becomes zero at seven dimensions. 
 
Figure 2.32. Classification error rate for Linear Discriminant Analysis 
(LDA) as a function of increasing numbers of principal components for 
six sweetener packets.  The error rate becomes zero at four dimensions. 
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allowing virtually no leaching, thereby affording fast and reproducible responses.  The 
array performs well in the presence of aqueous interferents and has shown excellent 
stability, even over several weeks.  In addition, the array has shown the capability of 
analyzing real-world samples at real-world concentrations. 
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Chapter 3 
Electronic Noses: Recent Advancements  
and Applications 
 
3.1. Mammalian Olfaction 
As mentioned in previous chapters, researchers have been modeling gas and liquid 
sensors and sensor arrays after the mammalian olfactory system. In these previous 
studies, the idea of lock-and-key type interactions has been discarded in favor of semi-
specific sensors working in tandem to achieve multi-dimensional detection.  Currently, 
scientists are continuing to develop sensors based on physiological elements (e.g., using 
metalloporphyrins to mimic metalloproteins, or designing chromophores with enzyme-
mimicking active sites directly bound to a color-changing indicator). Although a large 
body of knowledge on the mammalian olfactory system exists and is of importance, an 
exhaustive discussion of this topic is beyond the scope of this chapter. The reader can 
find a myriad of excellent books and reviews describing the latest hypotheses on how the 
sense of smell works.1-8 
3.1.1. Electronic Olfaction Systems 
An ever-growing interdisciplinary area of research between biology and chemistry 
deals with the mammalian olfactory system. In the past decade, there has been an 
exponential increase in the number of studies aimed at better understanding the olfactory 
system, and designing sensors and sensor arrays based on the findings.8-23 
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3.2. Array Based Sensing 
The most successful sensors created that mimic the mammalian olfactory system rely 
on semi-specific receptors for each odorant or analyte. These sensors typically consist of 
multiple receptors working in tandem to produce a color change pattern that can be 
processed and compared to a library of known patterns to match each new analyte into a 
family of similar analytes. Since the theory and testing of array-based sensing emerged in 
the mid twentieth century, an ever growing number of array-based techniques for the 
detection of gaseous analytes have been developed employing materials such as 
conductive polymers, metal oxides and metal oxide semiconductor field effect transistors 
(MOSFETs), acoustic wave sensors, and optical sensing; each covered separately in this 
chapter. Each type of sensor works to identify, and in many cases quantify, gaseous 
analytes. In some instances, large families of similar analytes are probed, whereas in 
others specific analytes are targeted. Critically important analytes such as explosives24;25 
and chemical warfare agents26 are of particular interest, whereas other targets are more 
common yet equally dangerous gases such as solvents,27;28 amines,29 and other volatile 
organic compounds (VOCs).30-32 
3.2.1. Conductive Polymers 
Intrinsically Conductive Polymers 
Intrinsically conductive polymers, which are a very popular choice as the key element 
in sensors for detecting a wide range of gaseous analytes, and have been employed for 
constant monitoring of environmental and soil conditions,33-36 and for the detection of 
fire,38 gases,39;40 wounds,41 perfumes,42 and even beers. They have also been a popular 
selection for array-based electronic noses. Many of the first commercially available e-
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noses were based on conducting polymer sensors and applied to a variety of organic 
vapors.  
Intrinsically-conductive polymers have been the subject of several reviews and 
books.43-45 These polymers (e.g., polypyrrole, polyacetylene, polythiophene, and 
polyaniline) rely on redox change in their linear, conjugated backbone, which lead to 
changes in their conductivity, for detecting analytes. The conductivity is “produced 
through band structure transformation and the generation of charge carriers”.46 Although 
the mechanism of the intrinsically conductive polymers response remains a topic of 
debate, the ability to discriminate among a large number of analytes is nonetheless real. 
In principle, sorption of vapors into a conductive polymer can induce physical swelling of 
the polymeric chains thereby altering the electron density on the material. This change in 
conductivity, symbolized Δσ, resulting from vapor sorption can be attributed to the sum 
of three effects, shown in Equation 3.1 below: 
  1111   ihc   
Equation 3.1. The change in conductivity of a polymer due to sorption of an analyte 
vapor. Δσc represents the overall change in conductivity of the intrinsically 
conductive polymer, Δσh is the change in intermolecular conduction due to electron 
hopping upon exposure to the vapor analyte, and Δσi is the change in ionic 
conductivity between chains.46 
 
 The power to detect and discriminate a large number of analytes stems from the 
diverse range of monomers available for polymerization. The construction of an array of 
different responsive materials can be achieved by employing polymers synthesized from 
118 
 
different monomers. In addition, changing the corresponding counter-ion (anion) or 
polymerization conditions can vastly alter the sensitivity of the array. Limitations of 
intrinsically conductive polymers include long-term stability, high sensitivity to 
humidity, and susceptibility to oxidation of the polymers over time, and can result in a 
significant sensor drift and loss of overall sensitivity. Also, the necessity to synthesize the 
polymers electrochemically (producing insoluble materials as a byproduct) leads to 
variations in each sensor produced.  
Despite their limitations, intrinsically conductive polymers have been employed for 
electronic noses due to their ability to detect a large number of vapor analytes.47;48 They 
have been hailed for their ease of design and utility for array-based applications; 
however, to enhance the diversity of the sensor materials, difficult synthetic preparations 
are necessary, and these modifications do not solve the stability issues previously 
mentioned. 
Conductive Polymer Composites 
In an attempt to increase the conductivity of intrinsically conductive polymers, 
researchers have doped polymers with conductive fillers (e.g., carbon black, graphite, or 
metal powders). The polymers, which are naturally non-conductive without oxidation or 
reduction, become conductive when doped. Upon exposure to an analyte, these polymer 
sensors swell, causing changes in the percolation network in the composite leading to 
changes in electrical resistance.49;50 One advantage of using such composites, compared 
to intrinsically conductive polymers, is that they are more stable, leading to increased 
shelf-life with a smaller baseline drift.  
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By increasing the number of sensor materials beyond intrinsically conducting 
polymers, a greater number of array combinations are possible resulting in a much more 
varied set of sensors. In addition, for conductive polymer composites, polymerizations 
need not be carried out directly on the sensor substrate (as is the case for intrinsically 
conductive polymer based sensors. This makes the preparation of conductive polymer 
composites fare simpler. 
One of the earliest conductive polymer composite-based arrays was proposed by 
Lewis et al.27 In the 1996 publication, the authors describe the design of a “low-power, 
broadly responsive vapor sensor” based on carbon black-polymer resistors.  
Table 1 below lists the polymers used in the sensor array. According to the paper, the 
differing gas-solid partition coefficients for the different polymers result in a pattern of 
resistance changes that are used to discriminate vapors. By measuring the relative 
differential resistance changes for each of 17 sensor elements, the group was successful 
in differentiating among nine commonly used solvents, even very closely related analytes 
such as toluene and benzene, or methanol and 2-propanol. 
More recently, Ryan and co-workers have published similar work on the development 
of an electronic nose for monitoring air quality.51 An array of 32 polymer-carbon black 
composite sensors was employed to identify and quantify a large number of compounds 
including alcohols, aromatics, and common solvents, even distinguishing isomers of 
some analytes. A normalized response graph of each of four vapors is shown in Figure 
3.1. The sensors were further designed to work with a hand-held unit capable of portable 
detection of air quality (Figure 3.2).  
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Table 3.1. A list of the polymers used in the carbon black/polymer composite sensor 
array created by Lewis et al.27 
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Figure 3.1. Fingerprints of 60 ppm (a) i-propanol and (c) n-propanol to 
16 polymers. Sensor response as dR/R0 is normalized to the largest 
response for each array fingerprint. The fingerprints are distinct 
enough to distinguish the isomers of propanol. The response patterns 
across the array of the polymer–carbon black composite sensors are 
significantly different for compounds of similar chemical structure, (b) 
benzene and (d) toluene.51 
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Figure 3.2. The JPL ENose. (a) First-generation device, used in space 
shuttle flight STS-95 experiment in 1998 (ruler, 10 cm); (b) second-
generation device (ruler, 15 cm).51 
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3.2.2. Metal Oxide/MOSFET Sensors 
Metal Oxide Sensors: 
Among the most widely used materials for gas sensors are metal oxides. First used 
commercially in the 1960s in Japan, metal oxide gas sensors have been reported since 
1954.52 Boasting long shelf-lives and sensitive detection of a variety of analytes, metal 
oxide sensors have found their way into many industrial applications. In practice, metal 
oxide sensors typically consist of a ceramic support tube equipped with a heating element 
capable of temperatures up to 500 ºC, an electrode and a thin or thick sensing layer of 
metal oxide, in most cases SnO2 (Scheme 3.1). The detection of gases is accomplished by 
measuring the change in the resistance of the sensor after exposure to an analyte 
compared to a reference sensor in background air. The resistance change is believed to be 
caused by irreversible reactions between the analyte and oxygen-derived adsorbates such 
as O-, O2-, and O2- on the semiconductor surface.46 Because the largest resistance change 
is caused by combustion reactions on the tin-dioxide surface, temperatures up to 500 ºC 
are often necessary for the sensor to operate. Lower temperatures reduce the rate of 
combustion on the oxide surface, and at temperatures below 100 ºC, water molecules are 
capable of inhibiting the oxidative chemical reaction.53 Thus many attribute high power 
consumption needed to maintain the sensor at high temperatures is a limitation, especially 
for portable devices. 
Several mechanisms have been proposed to explain the observed increase or decrease 
in metal oxide resistance. One such hypothesis is based on a space-charge layer on the  
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Figure 3.3. Silicon planar metal oxide sensor with vertical heater 
(Typical Taguchi based sensors).50 
 
 
 
Figure 3.4. Schematic representation of a typical MOSFET gas sensor.50 
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surface of tin-dioxide grains that creates a potential barrier to conduction at the grain 
boundary.46;50 If the surface is exposed to air, which has a high oxygen concentration, the 
sensor will show high resistivity, whereas exposing the sensor to a reducing gas can 
result in the stripping off of oxygen, reducing the space charge layer and leading to a 
decrease in resistance. In contrast, if the sensor is exposed to an oxidizing gas, oxygen is 
added to the layer causing an increase in the space charge layer and an increase in 
semiconductor resistance.  
Metal oxide sensors have been used in electronic noses for various applications 
including quality control of oils,54 meat,55;56 fish,57 milk,58 and other food supplies.59 In 
addition, several monitoring applications have been studied including those for volatile 
organic compounds,60;61 general gases,62;63 hydrogen,64;65 and even body odor66. 
The production of metal oxide sensors can range from easy to quite complex. 
Typically, thin films are deposited onto silicon dioxide substrates using evaporation, 
spray pyrolysis, or physical vapor deposition.50 
Metal oxide semiconductor field effect transistors (MOSFETs): 
Metal oxide semiconductor field effect transistors (MOSFET) in sensors were first 
reported in the mid-1970s by Lundström et al. and rely on the ability of a number of 
different metals to adsorb hydrogen.67 Although similar to metal oxide sensor, MOSFET 
sensors consist of three distinct layers: a silicon semiconductor, a silicon-dioxide 
insulator, and a metal (Figure 3.4). A voltage is applied to the catalytic metal to produce 
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an electric field that can be modulated by the adsorption and desorption of polar 
compounds. Often referred to as the “gate”, the metal layer can be as thin as 3-30 nm or 
as thick as 100-200 nm.46;53  
Using an array of gates with different metals allows for easy array-based sensing 
applications using MOSFET sensors. In general, palladium gates are employed for the 
detection of hydrogen releasing analytes, because they are relatively insensitive to 
hydrogen non-releasing substances such as ammonia or ethanol. Changing the gate metal 
to platinum allows for sensitive detection of many hydrogen non-releasing compounds, 
particularly ethylene, whereas iridium gated MOSFET sensors show strong affinities for 
ammonia (Figure 3.5). 
3.2.3. Acoustic Wave Sensors  
Piezoelectric materials have the ability to produce a voltage when mechanical stress is 
applied. Applying an alternating potential at a frequency near the resonant frequency of 
the crystal creates a stable mechanical oscillation in the piezoelectric element. Acoustic 
wave gas sensors use piezoelectrics to detect analytes by using this mechanical wave as a 
sensing mechanism. Popagation of acoustic modes is confined to the surface of the 
crystal, with penetration limited to a maximum of one acoustic wavelength. Among the 
pioneers of recent sensor development are Grate et al. who have published numerous 
articles on the use of piezoelectric based acoustic wave sensorsalong with several 
comprehensive reviews.68-70 The sensing method is based on acoustic wave propagation 
either through a substrate, known as bulk acoustic wave (BAW), or on the surface of a 
substrate, known as surface acoustic wave (SAW): the following paragraph will focus on 
SAW.  
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Typically, a SAW device is constructed from quartz crystals. Interdigital transducers 
(IDTs) on the sensors are used to generate transverse waves guided by the surface of the 
device.68 As mentioned earlier, the direction of propagation is parallel to the surface, 
whereas the motion at the surface is both parallel and perpendicular to the surface.  SAW 
sensors utilize a resonator coated with a polymer capable of absorbing molecules from 
the gas phase (Figure 3.6).  
Adding mass to the surface of acoustic resonators changes the resonant frequency 
proportional to the original frequency squared and the change in the mass per area of the 
crystal surface. When analytes adsorb to the polymer coating, a measurable alteration of 
the acoustic wave characteristics occurs, and this change in frequency is used for 
detection. SAW based sensors have several advantages, which include fast response 
times, and in many cases completely reversible responses.71 
Obviously, to function as an electronic nose, an array of such sensors would be 
required. This is easily accomplished by varying the polymer coating and/or the crystal to 
produce an array type gas sensor. In 1986, Grate et al. presented a SAW array consisting 
of 12 different polymeric sensor coatings capable of easily differentiating 11 different 
analyte vapors.72 The group employed various chemometric techniques to analyze the 
data, including principal component analysis (PCA) and hierarchical clustering analysis 
(HCA). Shortly thereafter, several research groups began development of similar arrays 
for the detection and recognition of gaseous analytes. For example, a SAW device using 
multiple polymers successfully detected and identified five organic vapors including 
mixtures of vapors.73 Another group devised a sensor array for the classification of 
organosulfur and organophosphorous vapors.74 Several groups tackled the difficulties of  
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Figure 3.5. Responses of GASFETs with different gate metals ~100 nm 
Pd, ~5 nm Pt, and ~5 nm Ir. Each device type was tested with four 
analytes at 50 ppm in synthetic air and at six temperatures: 75, 100, 125, 
150, 175 and 200 °C running from left to right in the diagrams. The 
responses are the change in gate voltage during a 5 min vapor pulse. 
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Figure 3.6. Diagram of the sorption of vapor molecules from the gas 
phase into the sorbent thin film on the sensor device.68 
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vapor sensing in real world conditions such as high humidity and the effects of 
temperature on sensor behavior,75-77 whereas others focused on polymer optimization.78  
Moore and co-workers chose to move away from polymer coatings and instead used a 
series of different self-assembled monolayer functionalized SAW devices,79 resulting in 
low-ppm detection of several volatile organic vapors. More recently, numerous research 
groups have developed SAW based arrays for the detection of a plethora of analyte 
classes including foods,80 hydrogen,81 toxic industrial gases,82-84 chemical warfare 
agents,85 and coffees86. 
3.2.4. Optical Sensors 
Optical sensing systems offer many advantages over sensing systems based on 
changes in potential, resistance, or resonant frequencies. Although somewhat more 
complex than other sensor systems, optical sensors offer a diverse set of lighting sources 
and a variety of data collection devises (e.g., CCD or CMOS cameras, photodiodes, and 
even simple flatbed scanners. In addition, a greater number of operational modes for 
analyte detection can be used, including changes in absorbance, fluorescence, light 
polarization, optical layer thickness, and colorimetric dye response.53 Like most other 
sensing methods, optical sensing is based upon reliably measuring the sensor before and 
after exposure to an analyte gas.  
Early Studies: 
Optical methods for chemical detection was brought to the forefront by Wolfbeis et 
al. in 1985.87 The publication of two landmark papers opened the door for future 
investigators to employ optical sensors into electronic noses. In one paper, the authors 
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extensively list the advantages and disadvantages of fluorescence-based optical sensing. 
Among the advantages discussed, is that optical sensors do not require reference signals, 
as is the case with potentiometric methods, which has the potential to make them less 
expensive. Other advantages include the ease of preparation, the miniaturization 
potentials due to small, lightweight materials, and optical sensors are not subject to 
electrical interferences, e.g., static electricity or surface potentials.87 It wasn’t until nearly 
a decade later that optical sensors found their way into array-based sensing methods. In 
1996, Walt and co-workers published two articles discussing the use of optical sensors in 
pattern-based sensing of vapors.88;89 
Fluorescent Sensors: 
Many optical sensors are based on single fibers or bundles of fibers whose ends are 
coated with a polymer. These coatings are often applied by using ultraviolet light 
travelling through the fibers to polymerize dye/monomer/initiator solutions on the fiber 
tip. Altering the exposure to UV light or the polymer coating thickness can result in 
different sensors, making array production simpler. Vapor detection is carried out by 
connecting the polymer coated end to a detection system, often a fluorescence detector, a 
data collection device (e.g., camera), and a computer. 
Colorimetric Sensing: 
Although all of the methods addressed in the above sections have been employed in 
the development of gas sensors, many believe that the simplest and most direct method 
measures changes in absorbance.90 As eluded to in previous chapters, chromogenic dyes 
can be easily synthesized and tailored to change color upon exposure to a single analyte 
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or a family of analytes. One such example is the use of metalloporphyrins, a mimic of 
many olfactory receptors capable of color-change when exposed to a large class of 
gaseous analytes.90 Obviously, absorbance in the visible range requires a rather extensive 
conjugated system; making porphyrins a likely candidate. However, due to the 
availability to a large number of color-changing dyes, researchers have the ability to 
design arrays that take advantage of multiple chemical reactions as well as respond to 
various stimuli such as changes in pH, polarity, ionic strength, etc. Once again, this 
increases the dimensionality of the array by probing a greater number of possible 
interactions. A main challenge in colorimetric optical sensing is related to the need to 
immobilize the color-changing indicators in a medium in which analyte-indicator 
interactions are possible, yet the integrity of the indicators is not compromised by 
ambient conditions. For this reason, many researchers have turned to bulk polymers and 
polymer coatings as a means of immobilization. Polymer characteristics such as 
hydrophobicity, pore size, and coating thickness are possible variables that could be 
controlled, leading to different sensors. Another technique that has been covered in 
previous chapters is the use of sol-gel precursors to produce porous glasses. 
Optical Sensor Applications: 
As previously mentioned, the field of optical sensors and their use in electronic noses 
exploded in the mid 1990s following publications by Walt and co-workers. In the past 
decade, researchers have developed a variety of sensor arrays to detect an ever-increasing 
number of analyte classes. Some of the most interesting work has been presented by Di 
Natale and co-workers who, in 2004, designed and tested a fiber-optic multimeter (Figure 
3.7) based on metalloporphyrins (Table 3.2) for the detection and identification of various 
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gases (Figure 3.8).91;92 Soon after, the group reported on the design of an opto-chemical 
array for volatile organic compound detection in which optical absorption spectra within 
the visible range were measured using metalloporphyrins. Their apparatus consisted of an 
integrated spectrophotometer, an array of LEDs, optical fibers to carry light, and a 
mechanical arrangement that makes possible the measurement of up to 15 different 
sensor layers.93 
 
Table 3.2. List of metalloporphyrins used as optochemical sensors.92 
As the understanding of the mammalian olfactory increased in the past decade, so did the 
number of electronic noses designed to mimic what nature had already perfected. A 
selection of articles reporting on the idea of “artificial olfaction” were published by Di 
Natale, within the past several years including enatioselective porphyrins dyads (Figure 
3.9) for chiral detection94 and continuous optical imaging of an artificial olfaction system 
based on a continuous layer of chemical indicators employing literally thousands of 
sensors.95 In the former, the group tested the modified porphyrins array against a large 
number of gases and vapors, producing a sensitivity chart (Figure 3.10) showing a matrix 
of sensitivities for each sensor element for each analyte.  
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Figure 3.7. An overall view of the electrooptic multimeter (left) and a 
detailed view of the open flow cell, including the gear housing the 
sensors (right).92 
  
135 
 
 
 
 
 
Figure 3.8. Capability of the metalloporphyrin-based sensor-array to 
discriminate different types of gases and concentrations.92 
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In 2009, Elosua et al. discussed the implementation of an optical fiber sensing device 
toward the detection of organic vapors.96 Their method, based on fiber optic sensors 
made with vapochromic complexes, was successful in discriminating among 6 common 
volatile organic compounds including methanol, ethanol, isopropanol, acetone, acetic 
acid, and dichloromethane. Figure 3.11 shows the cycling experiments for several vapors. 
Suslick et al. have been pioneers in the area of colorimetric sensing. The past decade 
has witnessed publications discussing the detection and often the quantification of a 
multitude of odors and vapors, including amines, and volatile organic compounds. Early 
work in the group was based on the spotting of chemically responsive metalloporphyrins 
onto silica plates and exposing the system to various vapors including alcohols, amines, 
phosphines, thioesters, and thiols. Figure 3.12 shows the pattern-based detection color-
maps of the colorimetric sensor array.28 Soon after, the group was able to achieve ultra-
sensitive discrimination among closely related amines using a similar technique as that 
described above. In that report, the authors discuss the addition of color-changing dyes 
that respond to changes in pH and polarity to the original array. With these chemically 
diverse colorimetric dyes included in the array, facile detection of the structurally similar 
analytes was accomplished as shown in Figure 3.13.29  
In more recent work, Suslick and co-workers have presented a colorimetric array for 
the detection of 100 volatile organic compounds.30 This work is made even more 
impressive by the ability of the array to cluster families of similar analytes together while 
still discriminating among the structurally similar members of each family (Figure 3.14). 
In this permutation of the Suslick array, a diverse selection of color-changing dyes 
similar to those described earlier were immobilized on porous hydrophobic membranes. 
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Doing so not only increased the sensitivity of the array, but aided in the stability and 
shelf-life as well. 
An advancement of the methods discusses above will be addressed in the coming 
chapters, including the synthesis and use of highly sensitive chromophores, advanced 
immobilization techniques, and new applications for the colorimetric sensor array.  
Although the detection of liquid analytes is not the main focus of this chapter, several 
optical sensor arrays based on gas sensing techniques deserve comment. The first, by 
Wong and co-workers, reports on the application of differential phase surface plasmon 
resonance (DP-SPR) imaging for protein sensing.97 In this work, a two-dimensional 
imaging approach allows for a distinct advantage over the conventional angular SPR 
technique often utilized. The second liquid sensing platform based on typical gas sensing 
techniques is presented by Zhou et al.98 In their article, the group describes the design of 
a protein detecting array based on porphyrins containing peripheral amino acids as 
protein surface reporters.98 They tested their array against a large number of metal and 
nonmetal-containing proteins and observed a unique fluorescence pattern for each. Table 
3.3 shows the base porphyrins and the possible ligands; changing of the ligands and their 
positions made the design of an array of sensor elements quite simple. 
3.3. Conclusions 
With the large number of techniques available, it is little surprise that the field of gas 
sensing has developed so quickly into a major topic of study and commercialization. 
James et al. have proposed a simple flowchart to summarize the various chemical vapor 
sensors, many of which have been discussed within this chapter (Chart 3.1).  Wilson and 
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co-workers have put together a simple table describing each sensor type, the sensitive 
material, and the detection method, seen in Table 3.4, as well as a table outlining some of 
the more general advantages and disadvantages associated with each of the methods 
(Table 3.5). It is with the techniques and ideas discussed within this chapter that we set 
out to design and test a colorimetric sensor array capable of facile detection of toxic 
industrial chemicals (TICs). The following chapter outlines much of that project 
including details and publications related to the subject. 
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Figure 3.9.  A) Molecular force model suggesting a strong interaction 
between a porphyrin and to ethanol molecules; and B) Enantioselective 
porphyrin dyad for the selection of one of  the two forms of limonene.94
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Figure 3.10. Sensitivity patterns of modified porphyrins.  Each row 
describes a different tetraphenylporphyrin (TPP) obtained changing the 
metal ion (Co in oxidation state II, Mo, Cu, Fe, V, and Ni) and for 
CoTPP changing the peripheral substituents (e.g., CopBr represents 
Cobalt tetra-para-bromophenylporhyrin. The size of the squares 
indicates the magnitude of the sensitivity.94 
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Figure 3.11. Time response of the vapochromic material when exposed 
to different concentrations of acetone (a), ethanol (b) and acetic acid (b) 
vapors; these concentrations are relative to the maximum one possible.96 
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Figure 3.12.  (Top) Color change profiles of the metalloporphyrin sensor 
array as a function of exposure time to n-butylamine vapor; and 
(Bottom) Color change profiles for a series of vapors; the degree of 
ligand softness (roughly their polarizability) increases from left to right, 
top to bottom. Each analyte was delivered to the array as a nitrogen 
stream saturated with the analyte vapor at 20 8C (to ensure complete 
saturation, vapor exposures of 15 min or greater were used). DMF, 
dimethylformamide; THF, tetrahydrofuran.28 
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Figure 3.13.  (Top) Color-difference maps for a family of 12 amines. 
Maps are generated from the absolute values of the differences of the 
red,green, and blue values of each dye spot before and after 
equilibration with the analytes; saturated analyte vapor at standard 
temperature and pressure; and (Bottom) Dendrogram representation of 
the hierarchical cluster analysis of amines at their saturation vapor 
pressure from HCA (minimum variance).29 
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Figure 3.14.  Dendrogram of the colorimetric array responses to 100 
common VOCs at full vapor pressure at 295 K. Averages of three trials 
were used for each analyte.30 
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Table 3.3. Structures and sensor positions for a protein-sensing array based on an 
amino-acid appended porphyrin.98 
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Chart 3.1. Principle of sensors utilized in electronic nose sensing50 
 
Table 3.4. Types and mechanisms of common electronic nose gas sensors53 
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Table 3.5. General table of advantages and disadvantages of many commonly 
employed techniques for electronic nose based sensors.53 
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Chapter 4 
Detection and Identification of Toxic Industrial 
Chemicals (TICs) 
4.1. Introduction 
There is an obvious pressing need for rapid, sensitive and highly portable 
identification of toxic gases and vapors, not only from a security perspective, but also for 
use in the industrial chemical workplace and for more general epidemiological studies.1 
Almost by definition, toxic industrial chemicals (TICs) are chemically reactive. Their 
toxicities, however, derive from a very wide range of specific chemical reactivities that 
can affect vastly different systems within living organisms. Some acute toxins target 
specific, critical metabolic enzymes (e.g., HCN inhibits cytochrome c oxidase), others 
cause cell lysis in the lungs creating pulmonary edema (e.g., HCl, HF). Others are potent 
oxidants or reductants that can target multiple biosystems, and some are potent alkylating 
agents (e.g., phosgene). 
We approach the detection and identification of TICs by presenting a wide  
range of chemical substrates whose reactions with these analytes provide an easily 
observable response, specifically color changes quantified by digital imaging. Such an 
“optoelectronic nose” is an array-based chemical sensing founded on the biomimetic 
concept of using many cross-responsive sensor elements,2-5 rather than analyte-specific 
lock-and-key receptors. As with the mammalian olfactory system,6-8 it is the composite 
response of the chemical reactivity of such an array that identifies an odorant or mixture 
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of odorants. Our optoelectronic nose uses a colorimetric sensor array that largely 
overcomes the limitations of prior electronic nose technologies.  
In contrast to our chemical reactivity approach, prior electronic nose technology9-19 
generally relies on sensors whose responses originate from weak and highly non-specific 
chemical interactions that either induce changes in physical properties (e.g., mass, 
volume, conductivity) or follow after physisorption on surfaces (i.e., analyte oxidation on 
heated metal oxides). Specific examples of such sensors include conductive polymers and 
polymer composites, multiple polymers doped with single fluorescent dye, polymer 
coated surface acoustic wave (SAW) devices, and metal oxide sensors. As a consequence 
of this reliance on weak interactions, most prior electronic nose technology suffers from 
severe limitations: the detection of compounds at low concentrations relative to their 
vapor pressures is difficult; the discrimination between compounds within a similar 
chemical class is limited; and importantly, interference from environmental changes in 
humidity remains problematic.  
Despite their success, current technologies have a limited ability to detect compounds 
at low concentrations relative to vapor pressures and to discriminate between compounds 
within a similar chemical class. In addition, interference from large environmental 
changes in humidity remains problematic. Most of these technologies rely on weak and 
highly non-specific chemical interactions, primarily van der Waals and physical 
adsorption interactions; we believe this prohibits the development of chemical sensors 
with both high sensitivity and high selectivity. In addition, it is challenging to develop 
sensors that are both increasingly sensitive and robust because an increase in sensitivity 
inherently leads to a decrease in robustness. 
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Figure 4.1. The colorimetric sensor array (CSA) consists of 36 different 
chemically responsive pigments that have been printed directly on a 
polyethylene terephthalate (PET) film.  Examples of each dye class are 
shown; in order to absorb visible light, dyes are inherently nanoscale.  
The 36 dyes were selected empirically based on the quality of their color 
response to a representative selection of different analytes. 
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The design of a colorimetric sensor array,2-5;20-27 (CSA) is based on stronger dye-
analyte interactions than those that cause simple physical adsorption; the array 
incorporates a chemically diverse set of chemically responsive colorants, including 
metalloporphyrins and chemically responsive dyes. More specifically, we have chosen 
chemically responsive dyes in four classes (cf. Figure 4.1): (1) metal ion containing dyes 
(e.g., metalloporphyrins) that respond to Lewis basicity (i.e., electron pair donation, metal 
ion ligation), (2) pH indicators that respond to Brønsted acidity/basicity (i.e., proton 
acidity and hydrogen bonding), (3) dyes with large permanent dipoles (e.g., vapochromic 
or solvatochromic dyes) that respond to local polarity, and (4) metal salts that respond to 
redox reactions. The importance of including metal ion containing sensors in such an 
array is confirmed by the indications that the mammalian olfactory receptors are likely 
metalloproteins.7;8 A new array methodology21;22;27 specifically for liquid sensing that is 
based on nanoporous pigments was created by the immobilization of pH indicators in 
organically modified siloxanes (ormosils).28 Nanoporous pigments offer substantial 
advantages over soluble dyes for improved durability and stability of the array, as well as 
prevention of colorant leaching in aqueous media. Here, is reported an extension of these 
new nanoporous pigment arrays using a much broader range of chemically responsive 
pigments, apply the arrays for the colorimetric identification of TICs in the gas phase, 
and demonstrate substantial improvements in the array sensitivity at low gas 
concentrations.  
4.2. Synthesis and Characterization of Chemically Responsive Dyes 
Several of the incorporated dyes were not commercially available and needed to be 
synthesized in-lab. In some cases, multi-step syntheses were performed to obtain the 
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indicator as published in the original journal, whereas in other cases alterations were 
made in order to increase hydrophobicity or solubility. The following sections describe 
the chemically-responsive indicators synthesized including synthesis and use. 
4.2.1. 1-[4-[2-[4-(Dimethylamino)phenyl]diazenyl]phenyl]-2,2,2-trifluoroethanone 
The following synthetic pathway was taken directly from S. C. Zimmerman et al.29  
A suspension containing 120 mg (640 μmol) of p-trifluoroacetylaniline and 1 mL of 6 
N aqueous HCl was prepared and cooled in an ice bath for 15 min. A solution of 42 mg 
(609 μmol) of sodium nitrite in 500 μL of distilled water was added dropwise to the 
cooled suspension. The suspension cleared to a slightly yellow solution which was stirred 
for 15 min in an ice bath. This diazonium mixture was added dropwise to an ice-cold 
solution of 810 μL (6.40 mmol) N,N-dimethylaniline in 3.5 mL of ethanol. The ethanol 
solution became a deep purple-red color. The mixture was stirred in an ice bath for 3 h. 
The mixture was warmed to room temperature and stirred for an additional 1 h. Solvent 
was removed under vacuum, and the red oily residue was partitioned between 100 mL of 
CH2Cl2 and 100 mL of saturated aqueous Na2CO3. The organic layer was dried over 
Na2SO4 and filtered, and the titrate was evaporated to yield a purple oily solid which was 
dry-loaded onto silica gel. Flash chromatography (5% EtOAc–petroleum ether (PE) 
stepped to 25% EtOAc–PE) afforded 140 mg (69%) of a shiny, crystalline purple solid. 
The product was verified by 1H and 13C NMR spectroscopy, and by MS (EI). Synthetic 
and reaction pathways for 1-[4-[2-[4-(dimethylamino) phenyl] diazenyl]-phenyl]-2,2,2-
trifluoroethanone dye are found in Schemes 4.1 & 4.2. 
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Scheme 4.1.  Synthesis of trifluoroacetyl azobenzene dye.29 
 
Scheme 4.2.  Reactivity of trifluoroacetyl group with primary, secondary, 
and tertiary amines.29 
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4.2.2. 2,6-Dimethyl-4-(4-dimethylaminostyryl)pyrylium, Tetrafluoroborate 
The following synthesis was adapted from M. Matsui et al.30 
To an ethanol solution containing 2,4,6-trimethylpyrylium tetrafluoroborate was 
added the corresponding molar equivalent of dimethylaminocinnamaldehyde. The 
mixture was refluxed for 5 hours and cooled to room temperature. After the mixture had 
cooled, the resulting precipitate was collected by filtration and purified by 
chromatography (SiO2, MeOH: CH2Cl2,=1:5). The final product was confirmed by 
melting point, NMR, and FABMS with a yield of 56%. Synthetic and reaction pathways 
for 2,6-Dimethyl-4-(4-dimethylaminostyryl)pyrylium, Tetrafluoroborate are found in 
Schemes 4.3 & 4.4. 
 
Scheme 4.3.  Synthesis of pyrylium dye.30 
 
Scheme 4.4.  Probable reactivity pathways of pyrylium dye with primary amines.30 
161 
 
4.2.3. 1-Amino-4-(4-decylphenylazo)naphthalene 
The synthetic route followed was taken from G. J. Mohr et al.31 
To a solution of 0.5 g of 4-decylaniline  in 15 ml of dimethyl formamide (DMF) 
cooled to 5 °C was added 1 ml of 6N hydrochloric acid and then 0.145 g of sodium nitrite  
in 1 ml of water. The resulting solution was slowly added to 0.31 g of 1-naphthylamine in 
25 ml of DMF at 5 °C and stirred for 2 h. To the reaction mixture was added 200 ml of 
water and 0.5 ml of triethylamine in order to obtain the base form of the dye. Then, the 
dye was extracted into dichloromethane. After being washed with distilled water, the 
organic phase was dried over sodium sulfate and evaporated to dryness. Flash 
chromatography on silica gel 60 using hexane/ethyl acetate (4:1) as the eluent was used 
for purification. The product was verified by 1H and 13C NMR, NOESY, and melting 
point. Synthetic and reaction pathways for 1-amino-4-(4-decylphenylazo)naphthalene are 
found in Schemes 4.5 & 4.6. 
 
 
Scheme 4.5.  Synthetic scheme of 1-amino-4-(4-decylphenylazo)naphthalene.31 
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Scheme 4.6.  Reaction scheme of 1-amino-4-(4-decylphenylazo)naphthalene.31 
4.2.4. 4-Amino-4-phenyl-3-buten-2-one 
Synthesis adapted from Y. Suzuki et al.32 
To a solution of 1-phenyl-1,3-butanedione (3.24 g, 0.02 mol) in dry benzene (60.0 
mL), ammonium acetate (3.08 g, 0.04 mol) and acetic acid (1.0 mL) were added. The 
mixture was refluxed for 12 h under a N2 atmosphere. The reaction mixture was washed 
with water and the organic phase dried over Na2SO4. The solvent was evaporated under 
vacuum and the residue was purified by column chromatography (SiO2, CHCl3:AcOEt = 
4:1 v/v) to yield a white solid (yield~87%). Synthetic and reaction pathways for 4-amino-
4-phenyl-3-buten-2-one are found in Schemes 4.7 & 4.8. 
 
Scheme 4.7.  Synthesis of 4-amino-4-phenyl-3-buten-2-one.32 
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Scheme 4.8.  Reaction of 4-amino-4-phenyl-3-buten-2-one with formaldehyde.32 
4.3. Immobilization of Chemically Responsive Dyes 
The chemically responsive indicators used in prior colorimetric sensor arrays have 
been limited to soluble molecular dyes held in a semi-fluid polymer film and generally 
printed onto a porous membrane.2-5;20;23-26 Relative to insoluble pigments, chemically 
responsive dyes in semi-fluid state are often unstable over long periods of storage. Non-
porous pigments, on the other hand, generally do not provide sufficient contact between 
the analyte and the chromophores of the pigment, because the chromophores at the 
surface of the pigment are generally only a small fraction of the total number of 
chromophores. 
There is, however, a general method to incorporate chemically responsive dyes into 
porous matrices, thus creating nanoporous pigments are both stable and accessible to the 
chromophores. Among various host materials, organically modified siloxanes or ormosils 
provide excellent matrices for a variety of organic and inorganic colorants.28;33-35 
Furthermore, the final properties of the nanoporous pigments (e.g., hydrophobicity, 
porosity, and surface area) can be easily modified by controlling the physical and 
chemical parameters of the sol-gel process. For our printing of sensor arrays, we prepared 
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sol-gel-colorant solutions by the simple hydrolysis of solutions containing commercially 
available silane precursors (e.g., tetraethoxysilane (TEOS), methyltriethoxysilane 
(MTMS), phenethyltrimethoxysilane (for metalloporphyrins) and octyltriethoxysilane) 
with a variety of chemically responsive indicators. Base-treated dyes were immobilized 
in a 1:1 mixture of TEOS and MTMS, while non-treated and acid-treated dyes used a 1:1 
mixture of TEOS and octyl-TEOS. In all cases, acid catalysis was employed.  
This conversion of soluble dyes into nanoporous ormosil pigments significantly 
improves stability.28;33-35 We find that arrays stored for more than three months show no 
change in the analyte response.22 
4.4. Gas Flow Systems 
All of the gases tested were purchased from S. J. Smith who delivered on behalf of 
Matheson Tri-Gas. Because most of the gases and/or vapors tested are so dangerous, it 
was necessary to purchase them as dilute mixtures in a balance of dry nitrogen gas. 
Typically, gases were received at four times immediately dangerous to life and health 
(IDLH) concentrations and diluted. Additionally, the gases were mixed with wet nitrogen 
to simulate ambient humidity.  
Dilution and humidity control were achieved using MKS flow controllers connected 
to a MKS Type 247D power supply. The flow controllers used were capable of regulating 
flow rates at a maximum of 50 sccm or 1000 sccm. Teflon tubing was used to connect the 
source tanks to the flow controllers as well as to connect the flow controllers to the 
colorimetric sensor array. Swagelok 3-way valves, 3-way and 4-way stainless steel male 
connectors, and 1/8” stainless steel female connectors equipped with PTFE ferrules were 
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used to attach the tubing from the flow controllers and bubblers to the array. Tubing 
loops were used to help mix the three gas streams (dry nitrogen, wet nitrogen, and TIC) 
immediately after the flow controllers and before the 3-way valves. 
Exposing the array to the different gases was accomplished using a series of three 3-
way valves, with one offering the control line and a vent for the control line and another 
allowing venting or directing of the TIC line. The center valve regulated which line 
(control or TIC) was presented to the array (Figure 4.2).  The center valve was connected 
to tubing with a 16 gauge needle that punctures the array sealing.  
A 50% relative humidity (RH) control line was produced using a separate power 
supply and 1000 sccm flow controllers connected to a bubbler filled with DI water. Dry 
nitrogen was directed through the water and the resulting gas was considered saturated 
(100% RH) wet nitrogen. This gas stream was then diluted to 50% RH with dry nitrogen 
using the mass-flow controllers (as shown in Figure 4.3).  
Although the scheme shown in Figure 4.3 was used in many cases, instances exist 
that require the employment of additional mass flow controllers. The need for additional 
dilution, or serial dilution, arises when the lowest reliable flow rate (~10% of the 
maximum flow rate) delivers the toxic gases above desired concentrations. In these cases, 
the toxic gas was pre-diluted with dry nitrogen using mass flow controllers, and the 
resulting gas stream vented to allow for minute fractions of the stream to be flowed 
through another mass flow controller (Figure 4.4). 
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Figure 4.2. Triple 3-way valve assembly for gas stream switching. 
Exhaust lines connected to bubblers inside fume hood. 
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Figure 4.3.  Gas mixing rig used for exposure of colorimetric sensor 
arrays. The box labeled “switch” is actually a series of three three-way 
valves, which allows for venting and also diversion of analyte stream to 
the MKS multi-gas analyzer. MFC = mass flow controller. 
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Figure 4.4.  Serial dilution gas mixing rig used for exposure of 
colorimetric sensor arrays. The box labeled “switch” is actually a series 
of three three-way valves, which allows for venting and also diversion of 
analyte stream to a MKS FTIR multi-gas analyzer model 2030. MFC = 
mass flow controller. 
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Figure 4.5.  Gas mixing rig used for gases produced by “bubbling” dry 
nitrogen gas through a solution and collecting the head-gas. The box 
labeled “switch” is actually a series of three three-way valves, which 
allows for venting and also diversion of analyte stream to the MKS 
multi-gas analyzer. MFC = mass flow controller. 
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In the rare cases when tanks of toxic gases could not be purchased, toxic gas streams 
were generated by drawing off the head-gas from a solution. The gas mixing rig used for 
gases produced by “bubbling” dry nitrogen gas through a solution and collecting the 
head-gas can be seen in Figure 4.5. A fritted bubbler was inserted between the initial 
toxin-containing bubbler degasser) and the mass flow controller to ensure the removal of 
liquid droplets that could harm the flow controller and give inaccurate results from the 
colorimetric sensor array. 
4.5. Toxic Industrial Chemicals at IDLH Concentrations 
We have developed a simple colorimetric sensor array (CSA) for the detection of a 
wide range of volatile analytes and applied it to the detection of toxic gases. The 
sensor consists of a disposable array of cross-responsive nanoporous pigments whose 
colors are changed by diverse chemical interactions with analytes. Although no single 
chemically responsive pigment is specific for any one analyte, the pattern of color 
change for the array is a unique molecular fingerprint. Clear differentiation among 19 
different toxic industrial chemicals (TICs) within two minutes of exposure at IDLH 
(immediately dangerous to life or health) concentration has been demonstrated. 
Quantification of each analyte is easily accomplished based on the color change of the 
array, and excellent detection limits have been demonstrated, generally below the 
PELs (permissible exposure limits). Identification of the TICs was readily achieved 
using a standard chemometric approach, i.e., hierarchical clustering analysis (HCA), 
with no misclassifications over 140 trials. 
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4.5.1. Experimental Methods 
Reagents. All reagents used were analytical-reagent grade and obtained from 
Sigma-Aldrich andused without any further purification unless otherwise specified. 
Certified, premixed gas tanks of nitrogen-diluted ammonia, methylamine, 
dimethylamine, trimethylamine, HCl, SO2, fluorine, chlorine, phosphine, arsine, 
phosgene, hydrogen sulfide, hydrogen cyanide, and diborane were obtained from 
Matheson Tri-Gas Corp. through S. J. Smith, Co. (Urbana, IL). 
Array Printing. The colorant indicators are given in Table 4.1. Final ormosil 
formulations, described in Section 4.3 with the replacement of octyl-TEOS for 
methyl-TEOS, along with the colorants were loaded into a 36-hole Teflon ink well. 
Sensor arrays were printed using an array of 36 floating slotted pins (which delivered 
approximately 130 nL each) by dipping into the ink well and transferring to the 
polyethylene terephthalate (PET) film. Once printed, the arrays were aged under 
nitrogen for at least 3 days before any sensing experiment was performed.  
Experimental Procedure. The toxic industrial chemicals at their IDLH 
concentrations (cf. Table 4.2) were prepared by mixing the prediluted analyte gas 
stream with dry and wet nitrogen gas with MKS digital mass flow controllers to 
achieve the desired concentrations and relative humidity (RH) (cf. Figure 4.3). For 
nitric acid and HF, saturated vapors were generated from a diluted solution in a five 
gallon polyethylene carboy, which was further diluted to IDLH concentration with 
nitrogen gas. Hydrazine (98%) was used directly to produce saturated hydrazine 
vapor. Importantly, gas stream concentrations and relative humidity were confirmed 
by in-line analysis by FTIR using a MKS multi-gas analyzer, model 2030. In our 
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experience, independent in-line analysis of tank gases is absolutely essential, even 
with the manufacturer’s certification; premixed tanks of these reactive gases at the 
low concentrations used here (typically four times the IDLH) do not necessarily retain 
their original certified concentrations. Fluorine, chlorine, hydrazine, nitric acid and 
HF at their IDLH concentrations were confirmed using Dräger detector tubes. 
Data Analysis. For all sensing experiments, imaging of the arrays was done on an 
ordinary flatbed scanner (Epson Perfection V200); for good reproducibility, it is 
important to “warm-up” the scanner. Difference maps were obtained by taking the 
difference of the red, green, and blue (RGB) values from the center of every colorant 
spot (~300 pixels) from the “before” and “after” images. To eliminate the possibility 
of subtraction artifacts caused by variations in color near the spot edge, only the spot 
center is included in the calculation. Averaging of the centers of the spots avoids 
artifacts from non-uniformity of the printing of the spots, especially at their edges. 
Subtraction of the two images yields a color difference vector of 3N dimensions 
where N=total number of spots; for our six by six array, this difference vector is 108 
dimensions (i.e., 36 changes in red, green, and blue color values), each dimension 
ranging from -255 to +255 for 8-bit color imaging). The measurements can be 
performed using Adobe PhotoshopTM or with a customized software package, 
ChemEyeTM (ChemSensing, Inc., Champaign, IL). All experiments were performed 
in septuplicate, and chemometric analysis was carried out on the difference vectors 
using the Multi-Variate Statistical Package™ (v. 3.1, Kovach Computing). 
Humidity experiments. Relative humidity was controlled by mixing dry N2 with 
humidity saturated N2 (100% RH, generated from bubbling N2 through water). Using  
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Table 4.1.  List of chemically responsive colorants. 
 
Spot # Name 
 
1 5,10,15,20-tetraphenylporphyrinatozinc(II) 
2 5,10,15,20-tetrakis(2,4,6-trimethylphenyl)porphyrinatozinc(II) 
3 5,10,15,20-tetrakis(pentafluorophenyl)porphyrinatozinc(II) 
4 5,10,15,20-tetrakis(2,4,6-trimethylphenyl)porphyrinatocobalt(II) 
5 5,10,15,20-tetraphenylporphyrinatocadmium(II) 
6 5,10,15,20-tetraphenylporphyrinatochromium(III) chloride 
7 Bromophenol Blue + TBAH 
8 Methyl Red + TBAH 
9 Chlorophenol Red + TBAH 
10 Nitrazine Yellow + TBAH 
11 Bromothymol Blue + TBAH 
12 Thymol Blue + TBAH 
13 m-Cresol Purple + TBAH 
14 Zn(OAc)2 + m-Cresol Purple + TBAH  
15 HgCl2 + Bromophenol Blue + TBAH 
16 HgCl2 + Bromocresol Green + TBAH 
17 Pb(OAc)2 
18 1-[4-[[4-(dimethylamino)phenyl]azo]phenyl]-2,2,2-trifluoroethanone + TsOH 
19 α-Naphthol Red + TsOH 
20 Tetraiodophenolsulfonephthalein 
21 Fluorescein  
22 Bromocresol Green 
23 Methyl Red  
24 Bromocresol Purple 
25 Bromophenol Red 
26 Rosolic Acid 
27 Bromopyrogallol Red 
28 Pyrocatechol Violet 
29 Nile Red 
30 Disperse Orange  #25 
31 4-(4-Nitrobenzyl)pyridine + N-Benzylaniline 
32 4-[2-[4-(dimethylamino)phenyl]ethenyl]-2,6-dimethylpyrylium 
33 LiNO3 + Cresol Red 
34 Acridine Orange Base 
35 AgNO3 + Bromophenol Blue 
36 AgNO3 + Bromocresol Green 
 
Spot numbering from left to right, top to bottom for 6x6 array shown in Figure 4.1. 
TBAH:  1.0 M tetrabutylammonium hydroxide in 2-methoxyethanol 
TsOH:   1.0 M p-toluenesulfonic acid in 2-methoxyethanol 
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Table 4.2.  Molecular formula of TICs and their IDLH concentrations 
 
Name 
Molecular 
Formula 
IDLH 
 (ppm) 
Ammonia NH3 300 
Arsine AsH3 3 
Chlorine Cl2 10 
Diborane B2H6 15 
Dimethylamine (CH3)2NH 500 
Fluorine F2 25 
Hydrogen Chloride HCl 50 
Hydrogen Cyanide HCN 50 
Hydrogen Fluoride HF 30 
Hydrogen Sulfide H2S 100 
Hydrazine N2H4 50 
Methylamine CH3NH2 100 
Methylhydrazine CH3NHNH2 20 
Nitric acid HNO3 25 
Nitrogen Dioxide NO2 20 
Phosgene COCl2 2 
Phosphine PH3 50 
Sulfur Dioxide SO2 100 
Trimethylamine (CH3)3N 200 
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50% RH as a control, arrays were exposed to various humidity concentrations for two 
minutes; no significant response to humidity was observed from 10 to 90% RH. 
Cycling Experiments. SO2 and chlorine gases at PEL concentrations were prepared 
using the same method as IDLH concentration. The colorimetric sensor array was 
exposed to N2 (50% RH) for 5 minutes, and then the gas stream switched from IDLH 
to PEL and back every 10 minutes. Data were acquired every minute. 
4.5.2. Experimental Results 
4.5.2.1. Detection and Identification of TICs at IDLH 
To test the colorimetric sensor array described in Section 4.3, we began 
examinations of 19 representative examples of toxic industrial chemicals selected 
from lists generated by International Task Force 25 and 40.36;37 Detection and 
discrimination among the wide range of high priority TICs remains a major 
challenge38 and the subject of substantial recent research. For example, Hammond et 
al. recently reported39 on TIC identification via an array of ceramic metallic films; 
they were able to differentiate among ten TICs with an error rate of ~10% using a 
linear discriminant analysis. Employing metal oxide detectors combined with 
temperature programming, Meier et al. examined40 five toxic industrial chemicals and 
was able to reduce their error rate (both false negatives and positives) to 3%. 
We have extensively tested our colorimetric sensor array against 19 TICs at their 
IDLH concentrations at 50% relative humidity (RH). The colorimetric sensor arrays 
were exposed for two minutes to a diluted gas mixture produced either from pre-
mixed, certified gas cylinders or from saturated vapor, using digital mass flow 
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controllers. Importantly, gas stream concentrations were confirmed by in-line analysis 
by FT-IR in real time using a MKS multi-gas FTIR analyzer for most analytes or by 
Dräger detector tubes in the few cases where FTIR cannot be used (e.g., homonuclear 
diatomics Cl2 and F2). 
The printed arrays were digitally imaged with an ordinary flatbed scanner before 
and after exposure to each analyte. Color difference maps for the arrays were 
generated by subtraction of the image before exposure from the image after exposure: 
such a difference map provides a molecular fingerprint that effectively identifies the 
analyte to which the array has been exposed. 
The difference maps permit facile detection and identification of the 19 
representative TICs, as shown in Figure 4.6. Even by eye, without statistical analysis, 
the array response to each TIC is represented by a unique pattern. Some pattern 
similarity can be observed for analytes within any given group (e.g. amines, strong 
acids, etc.). 
4.5.2.2. Concentration Effects 
For most analytes, the response of these colorimetric sensor arrays is based 
primarily on equilibrium interactions between the array pigments and the analyte, and 
consequently, each concentration of a TIC has a separate pattern that can be used to 
establish a limit of detection. As examples, color change profiles for three different 
analytes as a function of concentration can be seen in Figure 4.7. Here the limits of 
detection (LODs) for all three examples are well below their respective permissible  
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Figure 4.6.  Color change profiles of representative toxic industrial 
chemicals (TICs) at their IDLH (immediately dangerous to life or 
health) concentration after 2 min of exposure. For display purposes, 
the color range of these difference maps are expanded from 4 to 8 bits 
per color (RGB range of 4-19 expanded to 0-255). 
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exposure limits (PELs). Although highly dependent on the analyte, our estimates for 
the LOD for TICs examined here are all well below their respective PELs.  
4.5.2.3. Response Time 
Most of the TICs can be identified from the array color change in a matter of 
seconds, and >90% of total response is observed in less than two minutes, as shown in 
Figure 4.8 for five representative TICs; all other TICs tested show very similar 
responses. For some aggressive analytes that undergo irreversible reactions with some 
pigments (e.g., bleaching), response time can be slightly longer, as demonstrated for 
chlorine (Figure 4.8), but even in these cases the color change pattern is distinctive 
and easily recognized.  
4.5.2.4. Array Reusability 
Although the CSAs were meant to be disposable, they were still re-usable for most 
analytes. The CSA is best thought of as a “chemical fuse”: just as with an electric 
fuse, as long as the concentration of the odorant (i.e., “the electric current”) fluctuates 
within some range, the CSA (“fuse”) is unaffected. But, if the concentration increases 
to too high a value, the CSA will take too long to recover: i.e., the fuse is blown and 
the CSA should be replaced. As illustrated in Figure 4.9a, the array has the ability to 
reproducibly cycle between the IDLH and PEL concentrations of some of the 
industrial chemicals studied, (SO2 as an example). Starting from a blank 50% RH 
nitrogen stream, the array is exposed to the IDLH concentration of each analyte, then 
the toxin concentration is decreased to its PEL.  In most cases, equilibrium response is 
achieved within two minutes of any change. The reversibility of the array is dependent  
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Figure 4.7.  The effect of concentration on array response to NH3, Cl2, and 
SO2. The observed limits of detection (LOD) are well below the PEL 
(permissible exposure limit). For display purposes, the color range of these 
difference maps are expanded from 4 to 8 bits per color (RGB range of 4-
19 expanded to 0-255), except for SO2 at 1 ppm (RGB range of 2-7). 
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Figure 4.8.  Total Euclidean distance versus response for 5 TICs at 
their IDLH concentrations; average of seven trials is shown. 
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on the type of chemical interaction between the pigments and the analytes, and for 
irreversible reactions with highly aggressive analytes (e.g., those capable of bleaching 
or redox reactions), the array cannot be recycled as demonstrated in Figure 4.9b for 
Cl2. For other gases, notably arsine and phosphine, it is the reduction of metal salts 
generating metal nanoparticles that produces acidic byproducts that are detected by 
pH indicators incorporated into the nanoporous sol-gel spot. Finally, the response of 
4-(4-nitrobenzyl)pyridine to phosgene is due to an alkylation reaction within the sol-
gel matrix. 
4.5.2.5. Humidity Effects  
To be considered useful, any sensor would be required to remain impervious to 
changes in humidity. This requirement is not satisfied by many electronic nose 
technologies. We have purposely designed our colorimetric sensor array such that 
even large changes in relative humidity have no effect. We have selected hydrophobic 
colorants and immobilized them within hydrophobic silica matrices made up of TEOS 
and octyl-TEOS so that changes in humidity would not present a problem. The color 
difference maps of the array response to several humidity levels are shown in Figure 
4.10. By eye it is evident that the array appears unaffected to changes in relative 
humidity from 10% to 90%. 
4.5.3. Statistical Analyses 
4.5.3.1. Hierarchical Clustering Analysis 
The color change profiles are inherently digital data and are easily handled by 
routine chemometric analysis41-44. The high dispersion of the colorimetric sensor array  
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Figure 4.9.  Reversibility of colorimetric array response. a) SO2 
exposure of the array from N2 to the IDLH (100 ppm) level, and then 
from the IDLH to PEL (5 ppm). b) Cl2 exposure of the array from N2 
to the IDLH (10 ppm) level, and then from the IDLH to PEL (1 ppm). 
Data acquired every min.; average of three trials is shown. The 
Euclidean distance is simply the total length of the 108- dimensional 
color difference vector, i.e., the total array response. 
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Figure 4.10.  The colorimetric sensor array is unaffected by humidity 
over a wide range. There is essentially no response to variations in 
humidity from 10% to 90% RH; average of three trials is shown. For 
display purposes, the color range of these difference maps is 
expanded from 4 to 8 bits per color (RGB range of 4-19 expanded to 
0-255). 
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data requires a classification algorithm that uses the full dimensionality of the data. 
The simplest statistical approach is hierarchical cluster analysis (HCA), a 
classification scheme based on the Euclidean distance between data points in their full 
dimensionality. 
The advantage of HCA compared to other model-dependent statistical analysis 
(e.g. linear discriminant analysis) is that it makes no assumptions about the 
classification of results that one is trying to establish. Each experimental trial is 
defined as a 108-dimensional vector consisting of the changes in red, green, and blue 
values of each of the 36 nanoporous pigments in our array. Hierarchical clustering is 
based on the Euclidean distance in this 108-dimensional ΔRGB color space among 
these vectors, which generates a dendrogram, as shown in Figure 4.11. Remarkably, in 
septuplicate trials, all 19 TICs and a control were accurately identified against one 
another with no errors or misclassifications out of 140 cases. 
4.5.3.2. Principal Component Analysis 
The ability of our CSAs to discriminate so many analytes from one another is 
impressive and is due largely to the extremely high dimensionality of the array data. 
Principal component analysis (PCA)41-45 can be used to determine the number of 
meaningful independent dimensions probed by a cross-reactive array. The eigenvector 
of each principal component defines the linear combination of the response of each 
sensor parameter by the amount of variance in the data along each principal 
component. Based on the 140 trials on 20 analytes (i.e., 19 TICs plus background), the 
PCA of our colorimetric sensor array requires 9 dimensions for 90% of total variance 
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(and 13 dimensions for 95%, as shown in Figure 4.12). This extremely high dispersion 
reflects the very wide range of chemical-properties space being probed by our choice 
of chemoresponsive pigments. As a consequence, chemically diverse analytes are 
easily recognizable and even closely related mixtures can be distinguished.3-5 In 
contrast, data from most prior electronic nose technology are dominated by only two 
or three independent dimensions (one of which, analyte hydrophobicity, generally 
accounts for >90% of total variance); this is the inherent result of relying on van der 
Waals and other weak interactions (e.g., adsorption to metal oxide surfaces or 
absorption onto or into polymer films) for molecular recognition. 
4.5.4. Conclusions 
In summary, we have created a simple, disposable colorimetric sensor array of 
nanoporous pigments that is capable of detecting a wide range of analytes. By 
immobilizing chemically responsive indicators within nanoporous sol-gel matrices, we 
can apply the sensor array to the detection of volatile toxic industrial chemicals and 
observe low detection limits, generally below the permissible exposure levels. 
Classification analysis reveals that the colorimetric sensor array has an extremely high 
dimensionality and consequently the ability to discriminate among large numbers of TICs 
over a wide range of concentrations. 
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Figure 4.11.  Hierarchical cluster analysis for 19 TICs at IDLH 
concentrations and a control. All experiments were performed in 
septuplicate; no confusions or errors in classification were observed 
in 140 trials, as shown. The HCA used minimum variance (i.e., 
“Ward’s Method”) for clustering. 
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Figure 4.12.  Scree plot of the principal components from PCA of 140 
trials using 19 TICs and a control. The colorimetric sensor array has 
an extraordinarily high level of dispersion: 9 dimensions are required 
to define 90% of the total variance, 13 dimensions for 95% of the 
total variance, and 23 dimensions for 99%.    
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4.6. Toxic Industrial Chemicals below Permissible Exposure Limits 
4.6.1. Introduction 
Chemists have no equivalent of the physicists’ radiation badge: there is no readily 
available general purpose method to easily measure the low levels of personal exposure 
that workers may receive to the diverse range of volatile TICs used in laboratories, 
manufacturing facilities, or general storage areas.1;46-48 There are numerous conventional 
methods for the detection of gas phase hazardous chemicals, including GC/MS,49 ion 
mobility spectrometry (IMS),50 electronic nose technologies,9-19 and of course 
colorimetric detectors tailored to specific single analytes.46;48 Most such detection 
technologies, however, suffer from severe limitations: GC/MS is expensive and non-
portable; IMS has limited chemical specificity; and electronic nose technologies have 
restricted selectivity, sensitivity, and resistance to environmental interference (e.g., 
humidity).   
In recent years, we have developed a rather different optoelectronic technique using 
colorimetric sensor arrays made from chemically responsive dyes. This array approach2-
4;20;23 is based on strong dye-analyte interactions and differs from other electronic nose 
technologies that generally rely on weaker and less specific intermolecular interactions 
(i.e., van der Waals and physical adsorption). The chemically-responsive dyes in our 
colorimetric array include (1) metal ion containing dyes (e.g., metalloporphyrins) that 
respond to Lewis basicity, (2) pH indicators that respond to Brønsted acidity/basicity, (3) 
vapochromic/solvatochromic dyes that respond to local polarity, and (4) metal salt redox 
indicators.  
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We have very recently improved our array methodology by the use of chemically 
responsive nanoporous pigments created from the immobilization of dyes in organically 
modified siloxanes (ormosils).34;35;51 Porous sol-gel glasses provide excellent matrices for 
colorants due to high surface area, relative inertness in both gases and liquids, good 
stability over a wide range of pH, and optical transparency. In addition, the physical and 
chemical properties of the matrix (e.g., hydrophobicity, porosity) can be easily modified 
by changing the sol-gel formulations. The use of nanoporous pigments significantly 
improves the stability and shelf-life of the colorimetric sensor arrays and permits direct 
printing onto non-permeable polymer surfaces.21;22;52 Additionally, we observe that the 
porous matrix serves as a preconcentrator thereby improving the overall sensitivity.52  
We report here the application of colorimetric sensor arrays to the identification and 
semiquantitative analysis of toxic industrial chemicals at their PELs and demonstrate 
limits of recognition below 5% of the PELs. We chose 20 representative examples of 
high priority TICs, selected from the International Task Force ITF-25 and ITF-40 
reports.36;37 Using an array of chemically responsive nanoporous pigments, we have 
observed limits of detection down to ppb levels. 
4.6.2. Experimental Methods 
All reagents were of analytical-reagent grade, obtained from Sigma-Aldrich, and used 
as received without further purification unless otherwise specified. Certified, premixed 
gas tanks, including ammonia, methylamine, dimethylamine, trimethylamine, HCl, SO2, 
fluorine, chlorine, phosphine, arsine, phosgene, hydrogen sulfide, hydrogen cyanide, and 
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diborane were obtained from Matheson Tri-Gas Corp. through S. J. Smith, Co. (Urbana, 
IL).   
Preparation of Formulation: The sol-gel-colorant solutions were prepared by the 
acid catalyzed hydrolysis of solutions containing commercially available silane 
precursors (e.g., tetraethoxysilane, methyltriethoxysilane, phenethyltrimethoxysilane and 
octyltriethoxysilane). After hydrolysis, the resulting solutions were added to the selected 
chemically responsive indicators, (Table 4.3).  
Array Printing:  Final organically modified sol-gel formulations with the colorants 
were loaded into a 36-hole Teflon ink well. Sensor arrays were printed using an array of 
36 floating slotted pins (which delivered approximately 130 nL each) by dipping into the 
ink well and transferring to the polyethylene terephthalate (PET) film.  Once printed, the 
arrays were aged under a slow stream of nitrogen for at least 3 days before any sensing 
experiments were performed.  
Experimental Procedure:  Gas streams containing the TICs at their IDLH, PEL, or 
lower concentrations were prepared by mixing the analyte with dry and wet nitrogen gas. 
MKS digital mass flow controllers (MFCs) were used to achieve the desired 
concentrations and relative humidity (RH), as shown in Figures 4.2, 4.3, and 4.4.  The 
serial dilution apparatus could produce precise analyte concentrations to ~0.01% of the 
initial gas tank concentration. For nitric acid and HF, saturated vapors were generated 
from a diluted solution in a five gallon plastic carboy, which was further diluted to IDLH 
or PEL concentration with nitrogen gas (Figure 4.13). Hydrazine (98%) was used directly 
to produce saturated hydrazine vapor, and then was further diluted.  Importantly, gas 
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stream concentrations and relative humidity were confirmed by in-line analysis using 
Fourier transform infrared spectroscopy (FTIR) in real time using a MKS multi-gas 
analyzer (model 2030). The independent in-line analysis of tank gases was essential, as 
premixed tanks of these reactive gases at the low concentrations used here (typically four 
times the IDLH) did not typically retain their original certified concentrations. Fluorine, 
chlorine, hydrazine, nitric acid and HF at their IDLH concentrations were confirmed 
using Dräger detector tubes (Dräger Safety AG & Co. KGaA., Germany).  
Digital Imaging and Data Analysis.  For all sensing experiments, imaging of the 
arrays was performed using a flatbed scanner (Epson Perfection V200).  The before-
exposure image was acquired after two min of exposure to 50% relative humidity N2 flow 
at 500 sccm, though it should be noted that compressed air and air containing nominal 
concentrations of carbon dioxide (350-400 ppm) were also evaluated and showed exactly 
the same results. After-images were acquired after every minute of exposure to the 
analyte with the same gas flow rates. Difference maps were obtained by taking the 
difference of the red, green, and blue (RGB) values from the center of every indicator 
spot (~300 pixels) from the “before” and “after” images. All difference maps shown here 
are averages of multiple trials. Digitization of the color differences were performed using 
Adobe PhotoshopTM or with the customized software package, ChemEyeTM 
(ChemSensing, Inc., Champaign, IL). To eliminate the possibility of subtraction artifacts 
caused by acquisitions near the spot edge, only the spot center was included in the 
calculation. 
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Figure 4.13.  Gas mixing setup used for producing gases by collecting 
saturated vapors from a diluted solution in a five gallon plastic carboy, 
which was further diluted to IDLH or PEL concentration with nitrogen 
gas. The box labeled “switch” is actually a series of three three-way 
valves, which allows for venting and also diversion of analyte stream to 
the MKS multi-gas analyzer. MFC = mass flow controller. 
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Chemometric analyses were carried out on the color difference vectors using the Multi-
Variate Statistical Package™ (MVSP v. 3.1, Kovach Computing); in all cases, minimum 
variance (Ward’s method) was used for hierarchical cluster analysis (HCA).   
Temperature Experiments. To achieve temperature control of the array cartridge and 
incoming gas stream, a one liter glass beaker containing heated or cooled liquid was 
placed on top of the array; a mixture of dry ice and 2-propanol was used for cooling, and 
hot tap water was used for heating. The temperature of the gas inside the cartridge was 
monitored by the outgoing gas stream using an Omega© HH11 thermocouple and was 
held at the desired temperature with a variance no greater than 0.5 °C throughout the 
experiment. All temperature experiments were performed at 50% relative humidity. It 
should be noted that the 50% relative humidity was calibrated according to the 
temperature-humidity curve at different temperatures. 
Humidity Experiments. Relative humidity was controlled by mixing dry nitrogen 
with humidity-saturated nitrogen (100% relative humidity, generated by bubbling 
nitrogen through water). Using 50% relative humidity as a control for two minutes, arrays 
were exposed to various humidity concentrations for ten minutes. Data was acquired 
every minute.  
Cycling Experiments. The colorimetric sensor arrays were exposed to nitrogen (50% 
relative humidity) for five minutes, and then the gas stream switched from IDLH to PEL 
and back every ten minutes. Data were acquired every minute. 
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Table 4.3.  List of chemically responsive colorants used for the detection of TICs 
below PEL 
Spot #  Name 
1 5,10,15,20-tetraphenylporphyrinatozinc(II) 
2 5,10,15,20-tetrakis(2,4,6-trimethylphenyl)porphyrinatozinc(II) 
3 5,10,15,20-tetrakis(pentafluorophenyl)porphyrinatozinc(II) 
4 5,10,15,20-tetrakis(2,4,6-trimethylphenyl)porphyrinatocobalt(II) 
5 5,10,15,20-tetraphenylporphyrinatocadmium(II) 
6 5,10,15,20-tetraphenylporphyrinatochromium(III) chloride 
7 Bromophenol Blue + TBAH 
8 Methyl Red + TBAH 
9 Chlorophenol Red + TBAH 
10 Nitrazine Yellow + TBAH 
11 HgCl2 + Bromophenol Blue + TBAH 
12 HgCl2 + Bromocresol Green + TBAH 
13 Fluorescein 
14 Bromocresol Green 
15 Methyl Red  
16 Bromocresol Purple 
17 Bromophenol Red 
18 Bromopyrogallol Red 
19 4-amino-4-phenylbut-3-en-2-one + TsOH 
20 H2(P-COOHP)2(CF3)2 
21 Ethanone, 1-[4-[4-(dimethylamino)phenyl]azo]phenyl]-2,2,2-trifluoro- 
22 Pyrylium, 4-[2-[4-(dimethylamino)phenyl]ethenyl]-2,6-dimethyl-,tetrafluoroborate 
23 4-(4-Nitrobenzyl)pyridine + N-Benzylaniline 
24 Napthyl Red + TsOH 
25 Disperse Red 
26 Reichart’s Dye 
27 Reichart’s Dye #3 
28 Nile Red 
29 Disperse Orange  #25 
30 Acridine Orange Base 
31 Crystal Violet 
32 Zn(OAc)2 + m-Cresol Purple + TBAH 
33 Pb(OAc)2 
34 LiNO3 + Cresol Red 
35 AgNO3 + Bromophenol Blue 
36 AgNO3 + Bromocresol Green 
Spot numbering from left to right, top to bottom for 6x6 array. 
TBAH:  1.0 M tetrabutylammonium hydroxide in 2‐methoxyethanol 
TsOH:   1.0 M p‐toluenesulfonic acid in 2‐methoxyethanol 
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Table 4.4.   List of toxic industrial chemicals and their reported IDLH and PEL 
values 
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4.6.2.1. Chemoresponsive Dyes and TICs 
The chemically responsive dyes used are quite similar to those chosen in the previous 
sections. Several of the dyes were synthesized in-lab (see section 4.2). A list of the 36 
spots used in the array can be found in Table 4.3; formulations for each indicator type are 
described in Section 4.3.  
As mentioned in a previous section, twenty representative toxic industrial chemicals 
were chosen from lists generated from the International Task Force ITF-25 and ITF-40 
reports. Among the compounds chosen, most were used in their gas forms from tanks 
purchased from Matheson Tri-gas via S. J. Smith. Those not available were generated by 
bubbling a stream of dry nitrogen gas through a solution containing the toxin, and testing 
the head-gas. A list of the selected toxic gases along with their permissible exposure 
limits is provided in Table 4.4. 
4.6.3. Experimental Results 
Generally, matrix materials have to fulfill various requirements to enable optical 
sensing: the indicator dyes and all additives have to dissolve well in the matrix, the 
analyte also has to be soluble in the matrix and must be able to diffuse quickly into the 
matrix, the matrix material has to be chemically and physically stable, crystallization of 
the indicator in the matrix cannot occur; the matrix should not have any intrinsic 
color/luminescence, and it should be optically transparent in the spectral range where 
measurements are being performed.53  Based on these requirements, sol-gel silica is an 
excellent matrix for a variety of organic and inorganic colorants because of its high 
surface area, good stability over a fairly wide range of pH (excluding alkaline), relative 
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inertness in many environments, and transparency in the UV-visible spectrum. Our sol-
gel formulations permit printing on a flat-surfaced polymer, which allows for easy 
packaging of the sensor array into a self-sealing cartridge with minimal dead space 
suitable for use with a handheld battery-operated scanner.52 
Array Design. As discussed earlier, the required indicator classes for our colorimetric 
sensor array include: (1) metal ion containing dyes that respond to Lewis basicity (e.g., 
metalloporphyrins), (2) pH indicators, (3) dyes with large permanent dipoles (e.g., 
vapochromic or solvatochromic dyes) that respond to local polarity, (4) metal salts that 
participate in redox reactions. Metalloporphyrins are a natural choice for the detection of 
metal-ligating vapors because of their open coordination sites for axial ligation, their 
large spectroscopic shifts upon ligand binding, and their intense coloration. The 
importance of including metal-containing sensors is highlighted by recent indications that 
the mammalian olfactory receptors are in fact metalloproteins.6;7  Metal salts are useful 
because some analytes, such as arsine and phosphine, react with them to afford metal 
nanoparticles and acidic by-products that are detected by incorporated pH indicators.  
Data Analysis. Color difference maps for the arrays were generated by subtraction 
of the image before exposure from the array image after exposure: ΔR, ΔG, ΔB. 
Every spot in the array is uniquely described by its RGB color values; for an eight-bit 
color scanner, these values range from 0 to 255. Thus, every analyte response is 
represented digitally by a 108-dimensional vector (i.e., 36 red, green and blue color 
difference values). A color difference map is useful for visualization of these data and 
is easily generated by taking the absolute value of the ΔR, ΔG, and ΔB (Figure 4.14). 
The difference map 
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Figure 4.14.  Images of the 36-dye colorimetric sensor array before 
exposure, after two minutes of exposure to ammonia at its IDLH 
concentration at 298K and 50% relatively humidity and the generated 
color difference map. 
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Figure 4.15.  Color change profiles of representative toxic industrial 
chemicals at their IDLH concentration after 2 min of exposure. For 
display purposes, the color range of these difference maps is expanded 
from 4 to 8 bits per color (RGB range of 4-19 expanded to 0-255). 
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is usually not displayed over the full 0-255 range as changes in RGB values rarely span 
the entire 256 range; rather, for improving display, the color palette of the difference map 
is enhanced by expanding the displayed color. 
4.6.3.1. Discrimination of TICs at IDLH 
We have extensively tested our colorimetric sensor arrays against 20 TICs at their 
IDLH concentrations at 50% relative humidity. Most of the TICs can be identified at their 
IDLH concentrations from the array color change in a matter of seconds, and >90% of 
total response is observed in less than two minutes. For some pigments, the response time 
can be slightly longer, but even in these cases the color-change pattern is distinctive and 
easily recognized. The arrays were exposed for two minutes to a gas mixture produced 
from either pre-mixed, certified gas cylinders or saturated vapor, using digital mass flow 
controllers. The gas compositions were assayed by in-line analysis in real time using an 
FTIR multi-gas analyzer for most analytes or by Dräger detector tubes in the few cases 
where FTIR could not be used (e.g., homonuclear diatomics such as chlorine and 
fluorine). The colorimetric sensing array was tremendously successful at detecting and 
identifying TICs at their IDLH concentrations, and the representative difference maps of 
the TICs are shown in Figure 4.15. Even by eye, without statistical analysis, the array 
response to each TIC is represented by a unique pattern. Excellent discrimination among 
a very wide range of analytes was observed. Furthermore, different chemical classes were 
easily differentiated: the color patterns of compounds (e.g., amines vs. acids vs. 
fluorine/chlorine vs. arsine/phosphine, etc.) were very different from one another and 
were easily distinguishable.  
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Septuplicate data were acquired to probe the reproducibility of the array response to each 
analyte. The high dispersion of the colorimetric sensor array data requires a classification 
algorithm that uses the full dimensionality of the data. The simplest approach that 
assumes no statistical model (as opposed to linear discriminant analysis (LDA), for 
example) is hierarchical cluster analysis (HCA). HCA is based on the grouping of the 
analyte vectors according to their spatial distances in their full vector space.41-45;54;55 The 
main purpose of HCA is to divide the analytes into discrete groups based on the 
characteristics of their respective responses. HCA forms dendrograms based on the 
clustering of our array response data in the 108 dimensional ΔRGB color space, as shown 
in Figure 4.16. Remarkably, in septuplicate trials, all 20 TICs and a control were 
accurately identified against one another with no error or misclassifications out of 147 
cases. 
4.6.3.2. Discrimination of TICs at PEL 
Although some of these TICs may not be dangerous at low doses and short exposures, 
they may result in extremely serious health effects after multiple low-level exposures. 
Thus the ability to monitor low concentrations of these analytes was developed. The 
colorimetric sensor array was also tested against 20 TICs at their PEL concentrations at 
50% relative humidity (cf. Figure 4.17). Although two minutes of exposure is sufficient 
to obtain a reliable response from most of the TICs at their PEL concentrations, the arrays 
were exposed to a diluted gas mixture for five minutes in order to get a more measurable 
response. As shown in Figure 4.18, the HCA indicates that all 20 TICs and a control were 
accurately identified against one another with no errors or misclassifications out of  
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Figure 4.16. Hierarchical cluster analysis for 20 TICs at IDLH 
concentrations and a control. All experiments were performed in 
septuplicate; no confusions or errors in classification were observed in 
147 trials, as shown.  
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Figure 4.17.  Color difference maps of representative TICs at their PEL 
concentration after 5 min of exposure at 50% relative humidity and 298 
K. For display purposes, the color range of these difference maps are 
expanded from 4 to 8 bits per color (RGB range of 4-19 expanded to 0-
255), except for several weaker responding TICs that are marked with 
asterisks (RGB range of 2-3 expanded to 0-255).  
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Figure 4.18. Hierarchical cluster analysis for 20 TICs at PEL 
concentrations and a control. All experiments were performed in 
septuplicate; no confusions or errors in classification were observed in 
147 trials, as shown. Based on the these 147 trials at PEL 
concentrations, the PCA of our colorimetric sensor array requires 17 
dimensions for 90% of total variance and 26 dimensions for 95%, which 
we attribute to the overall reduction in signal to noise.  
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147 cases. Even weakly responding gases (see inset of Figure 4.18) gave discrete clusters 
without error. 
4.6.3.3. Discrimination of TICs at Varying Concentrations 
For most analytes, the response of these colorimetric sensor arrays is based primarily 
on equilibrium interactions between the array pigments and the analytes. As a result, two 
different concentrations of the same analyte can be treated as two separate analytes. Thus, 
data from both previously reported experiments could reasonably be combined and 
analyzed. Figure 4.19 shows the dendrogram for the five minute responses of a 
representative assortment of toxic gases at both IDLH and PEL concentrations. 
Because every concentration is a “different” analyte, each concentration of a TIC has 
a separate pattern which can be used to establish a limit of detection (LOD). As 
examples, color change profiles for three different analytes, Cl2, NH3, and SO2, as a 
function of concentration are given in Figure 4.20. The LODs for all four examples are 
well below their respective PELs.  
4.6.3.4. Limits of Detection 
We can estimate the limit of detection for each TIC by extrapolating from the 
observed array response at their respective PELs. We have defined a LOD for our array 
response as the TIC concentration needed to give three times the S/N vs. background for 
the sum of the three largest responses among the 108 array color changes A limit of 
detection only indicates the concentration at which the sensor first detects some analyte 
but does not necessarily indicate the capability for discrimination among analytes. The  
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Figure 4.19.  (A) Hierarchical cluster analysis for 8 TICs at IDLH and 
PEL concentrations after 5 min. exposure, and a control. (B) Enlarged 
view of more closely clustered analytes. All experiments were performed 
in septuplicate; No confusions or errors in classification were observed 
in 119 trials, as shown.  
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Figure 4.20.  The effect of concentration on array response to NH3, SO2, 
and Cl2 after 2 min exposure. For display purposes, the color range of 
these difference maps is expanded from 4 to 8 bits per color (RGB range 
of 4-19 expanded to 0-255), except for weaker responding TIC (Cl2 at 
0.2ppm) (RGB range of 2-5 expanded to 0-255). 
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Figure 4.21.  Low concentration tests of five TICs at ~5% of their PELs 
after 10 min exposure. All experiments were performed in 
quintuplicate; no confusions or errors in classification were observed in 
30 trials, as shown. 
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limit of recognition (LOR) is a less well defined concept that depends upon the group of 
analytes among which one wishes to discriminate. In order to generate a rough estimate 
of LOR of our array, we examined a subset of five TICs at concentrations far below their 
PELs. As shown in Figure 4.21, classification of these five TICs at 5% of the PEL was 
without misclassification in 30 quintuplicate trials.  
4.6.3.5. Cycling Experiments 
The arrays are meant to be disposable, but not necessarily single use, and they can be 
used to monitor concentration, just as with a “chemical fuse”. As long as the 
concentration of the odorant fluctuates within some range, the colorimetric sensor array 
(chemical fuse) is unaffected. After exposure to very high concentrations, the array is 
“blown” and should be replaced. As illustrated in Figure 4.22, the colorimetric sensor 
array cycled reproducibly between the IDLH and PEL concentrations for SO2. 
Equilibrium response is achieved within two minutes of switching between 
concentrations. The reversibility of the array depends on the type of chemical reaction 
between the indicators and analytes. For highly aggressive analytes that react irreversibly, 
(e.g., analytes capable of bleaching or redox reactions), the array cannot be recycled, as 
demonstrated in Figure 4.23. 
4.6.3.6. Changes in Relative Humidity 
The interference of atmospheric humidity on sensor performance is a serious problem 
with most array-based sensing technologies. The high concentration of water vapor in the 
environment and (even more importantly) its large range make the accurate detection of 
analytes at low concentrations exceptionally challenging. Water vapor concentrations in   
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Figure 4.22.  Reversibility of colorimetric sensor array response. a) SO2 
concentration monitored by FTIR MKS gas analyzer. b) SO2 exposure 
of the array from N2 to the IDLH (100ppm) level, and then from the 
IDLH to PEL (5ppm). c) slope change of the array response.  
 
Figure 4.23.   Cl2 exposure of the array from N2 to the IDLH (10 ppm) 
level, and then from the IDLH to PEL (1 ppm).  Data acquired every 
one minute; average of three trials is shown. The Euclidean distance 
is simply the total length of the 108-dimensional color difference 
vector, i.e., the total array response. 
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Figure 4.24.  The colorimetric sensor array is unaffected by humidity 
over a wide range. There is essentially no response to variations in 
humidity from 10% to 90% RH; average of three trials is shown. For 
display purposes, the color range of these difference maps is expanded 
from 4 to 8 bits per color (RGB range of 4-19 expanded to 0-255). 
 
  
Figure 4.25.  Difference maps of the colorimetric sensor array for 
ammonia and sulfur dioxide at IDLH concentration at different 
humidity levels at room temperature, after 2 minutes of exposure time. 
For display purposes, the color range of these difference maps are 
expanded from 4 to 8 bits per color (RGB range of 4-19 expanded to 0-
255). 
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Figure 4.26.  Hierarchical cluster analysis for SO2 and NH3 at IDLH 
concentrations in a range of relative humidities. 
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the environment range from <2000 to >20,000 ppm (10% to 100% RH); even a very low 
level of interference from water is, therefore, intolerable. Physisorption of molecules on 
surfaces is dominated by the relative hydrophobicity of the adsorbate and adsorbent. It 
should be no surprise that sensitivity to changes in humidity has been a very serious 
weakness in prior sensing technologies. Chemoresponsive dyes were chosen for their 
hydrophobicity, therefore, it has been expected and well-demonstrated that the 
colorimetric sensor array was unaffected by changes in humidity. Unlike most other 
electronic nose technologies, our sol-gel based sensing arrays were essentially 
unresponsive to changes in relative humidity, as seen in Figure 4.24. The arrays were 
equilibrated at 50% RH for 2 minutes, and then exposed to water vapor from 10% to 90% 
RH for 5 minutes or 10 minutes. No detectable response to variations in humidity was 
observed.  
The effect of humidity on TICs sensing was also evaluated. Two examples are shown 
in Figure 4.25, where NH3 and SO2 show virtually the same color change pattern under 
four different relative humidity concentrations. HCA shows clear discrimination between 
SO2 and NH3 (c.f. Figure 4.26). 
4.6.3.7. Additional Array Testing 
Temperature Effects on Array Response. Sensor arrays that are mobile and employed 
“in the field” will encounter not only a large range of relative humidity but also 
temperatures ranging from freezing to quite warm. It should be noted that in realistic 
sampling conditions (10-40 oC) very little change in the difference maps is observed 
among the analytes tested, as shown in Figure 4.27. Additionally, clustering analysis of  
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Figure 4.27.  Difference maps of the colorimetric sensor array for 
ammonia and sulfur dioxide at IDLH concentration at different 
temperatures and 50% RH after 2 minutes of exposure. For display 
purposes, the color range of these difference maps are expanded from 4 
to 8 bits per color (RGB range of 4-19 expanded to 0-255). 
 
Figure 4.28.  Hierarchical cluster analysis for SO2 and NH3 at IDLH 
concentration at different temperatures. 
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Figure 4.29.  Difference maps of the colorimetric sensor array response 
tor 9 potential interferences at 1% and 2% v/v, room temperature and 
50% RH after 5 minutes of exposure. For display purposes, the color 
range of these difference maps are expanded from 4 to 8 bits per color 
(RGB range of 4-19 expanded to 0-255). 
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the experimental data show tight clustering among each analyte at varying temperatures, 
with discrete clustering among different analytes (cf. Figure 4.28). 
Detection in the Presence of Interferents. The colorimetric sensor array has been 
tested extensively against nine common interferents: Second Hand Smoke, Diesel Fuel 
exhaust, gasoline exhaust, toluene, WD-40, Klean-Strip stripper, Windex, Fantastik, and 
Clorox Bleach at 1% and 2% of their saturated vapor at 50% relatively humidity and 
room temperature. As shown in Figure 4.29, after 5 minutes exposure, all interferents 
showed no responses except for Windex (containing ammonia). 
Shelf-life and Reproducibility. Arrays were stored in plastic bags under a slow stream 
of N2 for one week, two weeks, four weeks, six weeks and three months. To evaluate the 
shelf-life of our colorimetric sensor array, four representative TICs were tested; 
ammonia, sulfur dioxide, chlorine, and hydrogen sulfide. As shown in Figure 4.30, no 
confusions or errors in classification were observed in these 60 trials (triplicate trials of 
four TICs over five time periods). It has been previously demonstrated that our 
colorimetric sensor arrays show good reproducibity within the same batch, as each of 
the septuplicate trials are almost identical for their respective analyte. Just as 
important, however, is the reproducibility of the array from batch to batch. Therefore, 
we conducted a series of experiments to specifically test the array’s response from 
two different batches printed on different days. Ammonia, sulfur dioxide, hydrogen 
sulfide, formaldehyde, phosgene, diborane, phosphine and chlorine were selected as 
an example of each class of analyte. Figure 4.31 shows the HCA of the eight analytes 
and a control with septuplicate trials of each batch for each analyte. Zero 
misclassifications were observed.  
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4.6.4. Statistical Analysis 
4.6.4.1. Principal Component Analysis 
Principal component analysis (PCA) was used to evaluate the ability of our colorimetric 
sensor array to discriminate one analyte from another by using the variance in the array 
response.41-45 The eigenvector of each principal component is defined by a linear 
combination of the response of each sensor parameter (i.e., 108 changes in RGB for a 6 x 
6 array) so as to maximize the amount of variance in as few dimensions as possible. PCA 
is widely used in many scientific applications for reducing the dimensionality of a data 
set that consists of a large number of interrelated measurements, while retaining, as much 
as possible, the variation present in the data set.  Generally, PCA for most prior electronic 
nose technology is dominated by only two or three independent dimensions; in fact, there 
is often a single dominant dimension that accounts for >90% of the total discrimination 
and roughly corresponds to sensor hydrophobicity, which relies primarily on van der 
Waals interactions (e.g., adsorption to metal oxide surfaces or sorption onto or into 
polymer films) for molecular recognition.    The colorimetric sensor array, in contrast, is 
not limited to only van der Waals interactions but employs a variety of intermolecular 
interactions between the nanoporous pigments and the analytes. The numerous and 
diverse interactions explore a broad area of chemical-properties space. As shown in 
Figure 4.32A, based on 147 trials at IDLH concentration, the PCA of our colorimetric 
sensor array required 11 dimensions for 90% of the discriminatory power and 17 
dimensions for 95%. This extremely high dispersion reflects the very wide range of 
chemical-properties space being probed by our choice of chemoresponsive pigments. By 
probing a much wider range of chemical interactions, we have dramatically increased the 
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dispersion of our sensor array. It is this increased dimensionality that permits us to 
discriminate among very closely related analytes, even at very low concentrations. 
4.6.4.2. Linear Discriminant Analysis 
To further evaluate the ability of the colorimetric sensor array in discriminating 
among different TICs, we used linear discriminant analysis (LDA) on the 108 color 
changes of the 147 trials. LDA is one of the prevailing methods for classification 
analysis. It has been shown recently to be comparable to many complicated classifiers 
in many high dimensional applications. For the 108 measurements for each analyte, 
the total variation of the measurements can be decomposed into two parts: the 
between-group variation and the within-group variation. LDA finds linear 
combinations of the measurements that maximize the between group variation relative 
to the within-group variation. More specifically, LDA finds low dimensional 
projections of the original data that can best separate the analytes. The high 
dimensionality of our array can be seen in the number of eigenvectors needed for 
adequate variance as well as the large number of LDA directions (>10) needed to 
minimize the misclassificaiton rate (cf. Figure 4.32B). 
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Figure 4.30.  Shelf-life tests (1 week, 2 weeks, 4 weeks, 6 weeks, and 3 
months aging) of four TICs at IDLH concentration after 2 min. 
exposure. All experiments were performed in triplicate with no 
confusions or errors in classification observed in 60 trials, as shown.  
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Figure 4.31.  HCA dendrogram showing septuplicate trials of each two 
independent batches for the eight representative TICs and a control. 
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Figure 4.32.  (A) PCA Scree plot of the principal components from PCA 
of 147 trials using 20 TICs at their IDLH and a control. The 
colorimetric sensor array has an extraordinarily high level of 
dispersion: 11 dimensions are required to define 90% of the total 
variance, 17 dimensions for 95%, and (B) Misclassification rate as a 
function of LDA directions used: 10 directions to acheive <1% 
misclassification.  
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4.6.5. Conclusions 
We have designed a simple, disposable colorimetric sensor array of nanoporous 
pigments that is capable of fast, sensitive detection of a wide range of toxic gases. By 
immobilizing chemically responsive indicators within nanoporous sol-gel matrices, we 
can apply the sensor array to the detection of 20 toxic industrial chemicals and observe 
low detection limits, generally below the PELs. Classification analysis reveals that the 
colorimetric sensor array has an extremely high dimensionality and, consequently, the 
ability to discriminate among large numbers of TICs over a wide range of concentrations. 
The array performs well in the presence of different interferents and has shown excellent 
stability, even over three months, with good reproducibility. Future work emphasizes the 
development of a lightweight array reader based on a digital camera and LED 
illumination.5 We expect this rapid, inexpensive and highly sensitive technology will lead 
to the creation of wearable personal monitor for multiple toxic gases. 
 
 
 
 
 
 
 
223 
 
4.7. References 
(1)  Byrnes, M. E., King, D. A. & Tierno, P. M. Jr Nuclear, Chemical, and Biological 
Terrorism -- Emergency Response and Public Protection; CRC Press, 2003. 
(2)  Rakow, N. A.; Suslick, K. S. Nature 2000, 406, 710-713. 
(3)  Suslick, K. S. MRS Bull. 2004, 29, 720-725. 
(4)  Suslick, K. S.; Bailey, D. P.; Ingison, C. K.; Janzen, M.; Kosal, M. A.; McNamara III, 
W. B.; Rakow, N. A.; Sen, A.; Weaver, J. J.; Wilson, J. B.; Zhang, C.; Nakagaki, 
S. Quim. Nova 2007, 30, 677-681. 
(5)  Suslick, K. S.; Rakow, N. A.; Sen, A. Tetrahedron 2004, 60, 11133-11138. 
(6)  Hawkes, C. H. D., R. L. The Neurology of Olfaction; Cambridge Univ. Press, 2009. 
(7) Wang, J.; Luthey-Schulten, Z. A.; Suslick, K. S. Proc. Natl. Acad. Sci. U.S.A. 2003, 
100, 3035-3039. 
(8)  Zarzo, M. Rev. Environ. Sci. Biotechnol. 2007, 82, 455-479. 
(9)  Anslyn, E. V. J. Org. Chem. 2007, 72, 687-699. 
(10) Gardner, J. W.; Bartlett, P. N. Electronic noses: principles and applications; Oxford 
University Press: New York, 1999. 
(11)  Grate, J. W. Chem. Rev. 2000, 100, 2627-2647. 
(12)  Hierlemann, A.; Gutierrez-Osuna, R. Chem. Rev. 2008, 108, 563-613. 
(13)  Hsieh, M.-D.; Zellers, E. T. Anal. Chem. 2004, 76, 1885-1895. 
(14)  Janata, J.; Josowicz, M. Nat. Mater. 2003, 2, 19-24. 
(15)  Lewis, N. S. Acc . Chem. Res. 2004, 37, 663-672. 
(16)  Röck, F.; Barsan, N.; Weimar, U. Chem. Rev. 2008, 108, 705-725. 
(17)  Walt, D. R.; Aernecke, M. J.; Guo, J.; Sonkusale, S. Anal. Chem. 2009, 81, 5281-
5290. 
(18)  Wolfbeis, O. S. J. Mater. Chem. 2005, 15, 2657-2669. 
224 
 
(19)  Walt, D. R. Anal. Chem. 2005, 77, 45A. 
(20)  Janzen, M. C.; Ponder, J. B.; Bailey, D. P.; Ingison, C. K.; Suslick, K. S. Anal. 
Chem. 2006, 78, 3591-3600. 
(21)  Lim, S. H.; Musto, C. J.; Park, E.; Zhong, W.; Suslick, K. S. Org. Lett. 2008, 10, 
4405-4408. 
(22)  Musto, C. J.; Lim, S. H.; Suslick, K. S. Anal. Chem. 2009, 81, 6526-6533. 
(23)  Rakow, N. A.; Sen, A.; Janzen, M. C.; Ponder, J. B.; Suslick, K. S. Angew. Chem. 
Int. Ed. 2005, 44, 4528-4532. 
(24)  Zhang, C.; Bailey, D. P.; Suslick, K. S. J. Agric. Food Chem. 2006, 54, 4925-4931. 
(25)  Zhang, C.; Suslick, K. S. J. Am. Chem. Soc. 2005, 127, 11548-11549. 
(26)  Zhang, C.; Suslick, K. S. J. Agric. Food Chem. 2007, 55, 237-242. 
(27)  Bang, J. H.; Lim, S. H.; Park, E.; Suslick, K. S. Langmuir 2008, 24, 13168-13172. 
(28)  Podbielsk, H.; Ulatowska-Jarza, A.; Muller, G.; Eichler, H. J. Optical chemical 
sensors; Springer: Erice, Italy, 2006. 
(29)  Mertz, E.; Elmer, S. L.; Balija, A. M.; Zimmerman, S. C. Tetrahedron 2004, 60, 
11191-11204. 
(30)  Matsui, M.; Kawamura, S.; Shibata, K.; Muramatsu, H. Bull. Chem. Soc. Jpn. 1992, 
65, 71-74. 
(31)  Mohr, G. J. Sens. Actuators, B 2003, B90, 31-36. 
(32)  Suzuki, Y.; Nakano, N.; Suzuki, K. Environ. Sci. Technol. 2003, 37, 5695-5700. 
(33)  Dunbar, R. A.; Jordan, J. D.; Bright, F. V. Anal. Chem. 1996, 68, 604-610. 
(34)  Jeronimo, P. C. A.; Araujo, A. N.; Montenegro, M. Talanta 2007, 72, 13-27. 
(35)  Rottman, C.; Grader, G.; De Hazan, Y.; Melchior, S.; Avnir, D. J. Am. Chem. Soc. 
1999, 121, 8533-8543. 
(36)  Armour, S. J.: US GPO: Washington, DC., 2001. 
(37)  Steumpfle, A. K.; Howells, D. J.; Armour, S. J.; Boulet, C. A.: US GPO: 
Washington, DC., 1996. 
225 
 
(38)  Hill, H. H.; Martin, S. J. Pure Appl. Chem 2002, 74, 2281-2291. 
(39)  Hammond, M. H.; Johnson, K. J.; Rose-Pehrsson, S. L.; Ziegler, J.; Walker, H.; 
Caudy, K.; Gary, D.; Tillett, D. Sens. Actuators, B 2006, 116, 135-144. 
(40) Meier, D. C.; Evju, J. K.; Boger, Z.; Raman, B.; Benkstein, K. D.; Martinez, C. J.; 
Montgomery, C. B.; Semancik, S. Sens. Actuators, B 2007, 121, 282-294. 
(41)  Hair, J. F.; Black, B.; Babin, B.; Anderson, R. E.; Tatham, R. L. Multivariate data 
analysis, 6th ed.; Prentice Hall: Upper Saddle River, NJ, 2005. 
(42)  Hasswell, S. Practical guide to chemometrics; Dekker: New York, 1992. 
(43)  Johnson, R. A.; Wichern, D. W. Applied multivariate statistical analysis, 6th ed.; 
Prentice Hall: Upper Saddle River, NJ, 2007. 
(44)  Scott, S. M.; James, D.; Ali, Z. Microchim. Acta 2007, 156, 183-207. 
(45)  Beebe, K. R. P., R. J.; Seasholtz, M. Chemometrics: A Practical Guide; John Wiley 
& Sons: New York, 1998. 
(46)  Chou, J. A Practical Guide to Selection, Operation and Applications; McGraw-Hill: 
New York, 2000. 
(47)  Lauwerys, R. R., Hoet, P. Industrial Chemical Exposure: Guidelines for Biological 
Monitoring, 3rd ed.; CRC Press: Boca Raton, FL, 2001. 
(48)  McDermott, H. J. Air Monitoring for Toxic Exposure; John Wiley & Sons: New 
Jersey, 2004. 
(49)  Hubschmann, H. J. Handbook of GC/MS: Fundamentals and Applications; Wiley-
VCH: Weinheim, 2009. 
(50)  Eiceman, G. A., Karpas, Z. Ion Mobility Spectrometry; CRC Press: FL, 2005. 
(51)  Baldini, F., Chester, A. N., Homola, J., Martellucci, S. Optical Chemical Sensors; 
Springer: Erice, Italy, 2006. 
(52)  Lim, S. H.; Feng, L.; Kemling, J. W.; Musto, C. J.; Suslick, K. S. Nat Chem 2009, 1, 
562-567. 
(53)  Mohr, G. J. In Optical Chemical Sensors; Baldini, F., Ed.; Springer: Jena, Germany, 
2006, pp 297-321. 
226 
 
(54)  Jurs, P. C., Bakken, G. A., McClelland, H. E. Chem. Rev. 2000, 100, 2649-2678. 
(55)  Massart, D. L., Kaufman, L. The Interpretation of Analytical Chemical Data by the 
Use of Cluster Analysis; John Wiley & Sons: New York, 1983. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
227 
 
Chapter 5 
A Highly Sensitive Detection Method  
for Gaseous Formaldehyde 
5.1. Introduction 
Formaldehyde is widely used in the manufacture of many resins, polymers, and 
construction materials. The thermal or chemical decomposition of such materials, 
however, occurs surprisingly readily from urea-formaldehyde foam insulation, particle 
board and formaldehyde-based resins.1 Formaldehyde is a probable human carcinogen, an 
allergen, and an intense irritant of eyes and mucous membranes and is therefore highly 
problematic as an indoor pollutant.1-4 The ability to detect formaldehyde at very low 
concentrations is critical: the World Health Organization has set a standard for safe 
exposure of 80 ppb averaged over 30 minutes;4 for comparison, OSHA has set the 
permissible exposure level (PEL) to 750 ppb and the immediately dangerous to life or 
health (IDLH) level at 20 ppm.2;3  
5.2. Current Technologies 
Although there are numerous methods for detecting and measuring gaseous 
formaldehyde, there remains a need for an inexpensive, sensitive and rapid analytical 
technology. Past analytical approaches include expensive and tiresome techniques (e.g., 
electrochemical, gas chromatography, optical, chemiluminescence).5;6 Additionally, 
inexpensive colorimetric methods are available and see some field use.7-14 A number of 
colorimetric or fluorometric reporters for the detection of formaldehyde have been 
proposed, e.g., hydrazones, triazoles, pararosaniline, etc. These prior methods are 
generally relatively slow (typically >30 min), often cumbersome and multistep, and 
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frequently lack the sensitivity required to ensure safety. Thus, there remains a pressing 
need for the development of a rapid, sensitive and highly convenient formaldehyde 
detection method.  
Most colorimetric formaldehyde detection methods are based on nucleophilic 
addition of an amine to the aldehyde forming an imine via a carbinolamine intermediate, 
as shown below in Scheme 5.1. In some instances, a primary amine with color-changing 
capabilities can generate a color change upon imine formation, and so great effort has 
gone into the synthesis of sophisticated self-indicating primary amines. 
 
Scheme 5.1. Nucleophilic addition of a primary amine to formaldehyde forming an 
imine. 
 
5.2.1. Detection of Aqueous Formaldehyde 
In the last decade, Mohr and co-workers have designed a large number of 
“chromoreactands”, or molecules that combine both a reactive center and a color-
changing portion associated in such a way as to give a color report upon reaction with a 
target analyte.11;12  The group reported the synthesis and testing of one such 
chromoreactand, 1-amino-4(4-decylphenylazo)naphthalene, for the detection of aqueous 
formaldehyde. Scheme 5.2 below shows the mechanism believed to result in the color 
change.11  
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Scheme 5.2. Proposed mechanism for chromoreactand color-change.11 Formation of 
the imine alters the solution pH resulting in a visible shift from the azo dye.  
 
Sensor membranes were produced by dissolving the indicator in a polymer, PVC, a 
plasticizer, 2-cyanophenyloctyl ether (CPOE), and THF, and spin coating the resulting 
formulation onto rotating glass plates. The layer thickness was measured to be 4-6 µm. 
This absorption maximum at 438 nm, shifts to ~450 nm when the sensor membrane is 
exposed to 135 mM formaldehyde solution. At optimal pHs, the membrane showed high 
sensitivity to formaldehyde in the 1-100 mM range with a reported limit of detection of 
0.3 mM within 25 minutes. The sensor responded even more quickly to propionaldehyde. 
Interestingly, the absorption band shifted to shorter wavelengths upon exposure to 
propionaldehyde.11 
Another visual method for the detection of aqueous formaldehyde involves the 
formation of silver nanocubes using an ATP-mediated Nafion film.15 In this method, a 
Nafion film loaded with [Ag(NH3)2]+ changes from colorless to yellow upon submersion 
into a solution of NaOH, adenosine-5’-thriphosphate (ATP), and formaldehyde. No color 
change is observed in the absence of ATP thus suggesting that its presence is necessary 
for the formation of monodisperse silver nanocubes (see Scheme 5.3). Furthermore, the 
concentration of ATP adds variations useful for array development. Nanocube size and 
shape are dependent upon formaldehyde concentration as shown in Figure 5.1. 
230 
 
 
Scheme 5.3. Representation of the silver nanocube formation on Nafion film. (1) 
Nafion film loaded with [Ag(NH3)2]+, (2) Reaction with formaldehyde in the absence 
of ATP, (3) Reaction with formaldehyde in the presence of ATP.15 
 
5.2.2. Detection of Gaseous Formaldehyde 
Although the detection of formaldehyde in aqueous solutions is important, most 
sources of high concentrations of formaldehyde exist in the gas phase. Many 
formaldehyde-based resins and adhesives release gaseous formaldehyde upon heating, 
especially in humid environments. As such, increasingly more research has been recently 
performed toward the development of a sensing method for gaseous formaldehyde. 
The Japanese research group of Nakano and co-workers has developed a monitoring 
tape for the detection of formaldehyde in air.16;17 This interesting method is based on the 
color-change of a porous substrate when exposed to formaldehyde gas. The porous 
cellulose tape is impregnated with silica gel that acts as an absorbent for a reactive 
hydroxylamine salt (cf. Figure 5.2). Hydroxylamine salts react with aldehydes readily 
resulting in the release of the acid form of the anion (see Scheme 5.4). The group 
employs a pH indicator, methyl yellow (pH 2.9-4.0, red-yellow), as the color-changing 
reporter. The change in localized pH causes a shift in absorption proportional to  
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Figure 5.1. SEM images (scale-bar is 500 nm) of the dependence of the 
shape evolution of silver nanoparticles on different formaldehyde 
concentrations: (a) 3.75x10-5, (b) 6.5 x 10-5, and (c) 1.3 x 10-4 M.15 
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the concentration of formaldehyde present. Using this method, concentrations as low as 
100 ppb could be detected within 30 minutes. 
 
Scheme 5.4. Projected reaction mechanism for hydroxylamine salts with 
formaldehyde. In this case, imine formation results in the release of HCl which can 
be detected by pH indicators. 
 
More recently, a method based on a well known reagent, 4-amino-hydrazine-5-
mercapto-1,2,3-triazole (AHMT) has been published.8 This method for the detection and 
quantification of gaseous formaldehyde relies on a solution of AHMT and potassium 
hydroxide dropped onto a circular filter. Color change was recorded by measuring the 
intensity of reflected light using a photodiode. According to the group, the produced 
sensor disks could be used in conjunction with a hand-held unit to accurately report the 
presence of formaldehyde gas as well as provide a concentration. Figure 5.3 shows the 
disks and the hand-held device. The reported concentration range is 0.04-1 ppm with a 
limit of detection of 40 ppb obtained within 3 minutes. Screening for a suitable substrate, 
the researchers tested several filters and papers before settling on two candidates, glass 
filters and silica filters, that exhibited no abnormal color changes nor showed any color 
change in the absence of formaldehyde. Typically, the disks do not significantly lose 
sensitivity over a two year period; however, the group also developed a hanging drop kit  
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Figure 5.2. (Top) Schematic diagram of gas detector showing cellulose 
tape proceeding through a sampling chamber wherein the tape is 
exposed to formaldehyde gas. The shift in absorbance is measured using 
a photodiode. (Bottom) Scanning electron microprobe photograph of the 
surface of the impregnated cellulose tape. The 2-10 µm white granules 
of SiO2 are believed to contain hydroxylamine sulfate and methyl 
yellow.17 
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for users to produce their own disks. The kit allows for easy and safe reagent introduction 
onto the circular filter chip as shown in Figure 5.4. 
Shinohara and co-workers have designed a passive emission colorimetric sensor 
(PECS) to measure emission rates of gaseous formaldehyde.18 This technique is based on 
an enzymatic reaction that results in production of a red-colored product, formazan. 
Scheme 5.5 displays the two-stage enzymatic reaction in which formaldehyde 
dehydrogenase catalyzes the redox reaction of formaldehyde, nicotinamide adenine 
dinucleotide (NAD+) and water to produce a peracid, NADH and a proton. The second 
stage involves the reduction of tetrazolium to produce a formazan dye. The group claims 
that their coin-sized passive emission colorimetric chip is capable of determining the 
rates of emission of formaldehyde from building materials and other indoor materials in 
less than 30 minutes.  
 
Scheme 5.5. Enzymatic reaction scheme; nicotinamide adenine dinucleotide (NAD+), 
formaldehyde dehydrogenase, 2-(p-iodophenyl)-3-(p-nitrophenyl)-5-
phenyltetrazolium chloride (INT) and diaphorase are impregnated in the enzyme 
test sheet.18 
 
In 2003, Suzuki et al. published an article in which they discuss the dangers of 
formaldehyde in what has been since called “sick house syndrome”.13 The group also 
realized the need for portable monitoring of dangerous gases, including formaldehyde, 
that is often associated with building materials (e.g., drywall, carpet, flooring adhesives,  
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Figure 5.3. (Top) Photograph of the glass filter formaldehyde sensor 
disk, and (Bottom) Photograph of hand-held sensor disk reader.8 
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Figure 5.4. Hanging drop kit for the production of circular glass filter 
sensor disks. The reservoirs A and B contain the two essential reagents. 
The closed system prevents exposure of the reagents.8 
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etc.), and proposed what they claim to be a highly selective and sensitive method for the 
detection of gaseous formaldehyde. This method, based on the formation of lutidine 
derivatives, is made possible by the reaction seen below in Scheme 5.6. 
  
Scheme 5.6. Chemical structures of the colorimetric reagents and their 
transformation into the lutidine derivatives upon reaction with formaldehyde.13 
 
Suzuki and co-workers considered several requirements while designing the new 
sensor reagents, including the need for rapid yet mild reaction conditions, reduced 
interference from foreign substances, and large color changes, preferably from colorless 
to colored. Both reagents (seen above) are easily synthesized in one step with minimal 
purification required and produce colorless solutions. Upon the addition of formaldehyde 
the solutions undergo a color change proportional to the concentration of analyte present. 
Furthermore, when the solutions are applied to filter paper, a shift from colorless to 
yellow is observed upon exposure to gaseous formaldehyde. Figure 5.5 shows the 
absorbance spectra of a reagent solution before and after formaldehyde addition as well 
as photographs.  According to the publication, the reagents are highly selective for 
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formaldehyde, with no interference from many other gases including other aldehydes, 
volatile organics, and common solvents. As has been common with new technologies for 
gaseous formaldehyde, Suzuki and co-workers have developed a hand-held device 
capable of reading tablets made from their sensor reagents (seen below in Scheme 5.7). 
 
Scheme 5.7. (A) Schematic representation of the formaldehyde monitoring 
instrument and (B) The optical location of the LED and photodiode to detect the 
reflected light from the reagent tablet.13 
 
Mauro and co-workers have discussed a similar method in a pair of recent articles.9;10 
In the first, β-diketones are used in the formation of lutidines upon exposure to 
ammonium ion and formaldehyde (Scheme 5.8).9 The group claims that their method is 
superior to that of Suzuki et al. for several reasons including ease of preparation, limit of 
detection, and the use of absorption rather than reflectance.  
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Figure 5.5. (Top) Absorption spectra of mono-phenyl reagent prior to 
and after addition of 10 µM formaldehyde at room temperature; 
(Bottom) Photographs of the reagent solutions both in liquid phase (left) 
and applied to filter paper (right).13 
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Scheme 5.8. Reaction formula between formaldehyde and diketone. Acetylacetone: 
(X=methyl, Y=methyl); 1-phenyl-1,3-butanedione: (X=C6H5, Y=methyl); 1,3-
diphenyl-1,3-propanedione: (X=C6H5, Y=C6H5).9 
 
According to the group, impregnating the formaldehyde sensing reagents into transparent 
substrates, in most cases 8 mm x 8 mm glass chips with 4 nm pore diameters, and 
exposing them to gaseous formaldehyde can result in changes in absorption spectra; far 
easier than using reflectance. Figure 5.6 shows photographs of the sensor elements before 
and after exposure to several concentrations of gaseous formaldehyde. 
The second method is based on the first;9 only the reagent has been changed from 
diketones to Schiff’s reagents. The sensor elements were made of porous glasses 
impregnated with a solution of a Schiff’s reagent and an acid.10 In addition, this sensor 
technology is claimed to be reversible rather than accumulative, owning to the sensors 
reuse. The group goes on to examine the effects of changing acids to the overall detection 
of formaldehyde, and the resulting photographs for two such acids, sulfuric acid and 
phosphoric acid, can be seen in Figure 5.7a and 5.7b, respectively. 
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Figure 5.6.  Photographs of acetylacetone impregnated sensor element 
before and after exposure of formaldehyde: (a) before exposure; (b) 14 
ppb; (c) 24 ppb; (d) 62 ppb; (e) 110 ppb.9 
 
A 
 
B 
 
Figure 5.7. (A) Photographs of a sulfuric acid sensor element before and 
after exposure to formaldehyde: (a) before exposure, (b) 10 ppb, (c) 2.5 
ppm, and (d) 20 ppm; and (B) Photographs of a phosphoric acid sensor 
element before and after exposure to formaldehyde: (a) before 
exposure, (b) 18 ppb, (c) 200 ppb, and (d) 20 ppm.10 
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5.3. A Colorimetric Sensor Array for Formaldehyde Detection 
As previously mentioned, many formaldehyde sensing technologies involve 
exceedingly complicated systems based on sophisticated self-indicating primary amines. 
In contrast, we find that it is better and easier to use a simple pH indicator to detect the 
change in basicity upon the reaction of a non-volatile primary amine with formaldehyde. 
An amine-terminated polymer was used to create a reactive matrix for formaldehyde 
detection. In order to screen for the optimal choices of indicator and polymeric amine, an 
array of six different pH indicators in five different polymer formulations were printed 
onto PVDF membranes (cf. Table 5.1). 
5.3.1. Experimental Methods 
All reagents used were analytical-reagent grade, obtained from Sigma-Aldrich, and 
used without further purification unless otherwise specified. A gas tank of nitrogen-
diluted formaldehyde was obtained from Matheson Tri-Gas Corp. through S. J. Smith, 
Co. (Urbana, IL).  Polyvinylidene difluoride (PVDF, [CH2CF2]n) membrane (thickness: 
165µm; pore size: 0.45µm) was obtained from VWR Scientific. (Batavia, IL).   
For printing of the sensor arrays, we prepared polymer-colorant solutions in 2-
methoxyethanol using commercially available bis(3-amino-propyl)-terminated 
poly(ethyleneglycol) (MW 1500), butyl benzyl phthalate, and poly(ethyleneglycol) (MW 
400) with a variety of chemically responsive indicators (Table 5.1). The solutions were 
loaded into a multihole Teflon ink well. Sensor arrays were printed by a robotic printer 
(Nanoprint Microarray Printer, ArrayIt Co., Mountain View, CA) (Figure 5.8) using an 
array of 30 or  
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Table 5.1. List of indicators and formulations. 
Spot #  Name
1 Methyl Red + Formulation I 
2 Bromocresol Purple + Formulation I 
3 4-Nitrophenol + Formulation I 
4 Alizarin + Formulation I 
5 Nitrazine Yellow + Formulation I 
6 Bromoxylenol Blue + Formulation I 
7 Methyl Red + Formulation II 
8 Bromocresol Purple + Formulation II 
9 4-Nitrophenol + Formulation II 
10 Alizarin + Formulation II 
11 Nitrazine Yellow + Formulation II 
12 Bromoxylenol Blue + Formulation II 
13 Methyl Red + Formulation III 
14 Bromocresol Purple + Formulation III 
15 4-Nitrophenol + Formulation III 
16 Alizarin + Formulation III 
17 Nitrazine Yellow + Formulation III 
18 Bromoxylenol Blue + Formulation III 
19 Methyl Red + Formulation IV 
20 Bromocresol Purple + Formulation IV 
21 4-Nitrophenol + Formulation IV 
22 Alizarin + Formulation IV 
23 Nitrazine Yellow + Formulation IV 
24 Bromoxylenol Blue + Formulation IV 
25 Methyl Red + Formulation V 
26 Bromocresol Purple + Formulation V 
27 4-Nitrophenol + Formulation V 
28 Alizarin + Formulation V 
29 Nitrazine Yellow + Formulation V 
30 Bromoxylenol Blue + Formulation V 
Spot numbering from left to right, top to bottom for 6x5 array shown in Figure 1. 
TBAH:  1.0 M tetrabutylammonium hydroxide in 2‐methoxyethanol; amino‐PEG: poly(ethylene glycol) bis(3‐aminopropyl)terminated 
Formulation I: amino‐PEG (100mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation II: amino‐PEG (200mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation III: amino‐PEG (300mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation IV: amino‐PEG (500mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation V: amino‐PEG (750mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
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Figure 5.8. Nanoprint Microarray Printer, ArrayIt Co., Mountain View, 
CA and complete cartridge assembly for a colorimetric sensor array.  
  
Snap-On Cartridge:
1 cm x 1 cm x 1.6 mm
~ 160 µL
= 20X smaller
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36 floating slotted pins (which delivered approximately 130nL each) by dipping into the 
ink well and transferring to a hydrophobic PVDF membrane. Once printed, the arrays 
were vacuum-dried for 24 hours and aged in a sealed bag under nitrogen for at least 2 
days before sensing experiments were performed. 
Gas streams containing formaldehyde at lower concentrations were prepared by 
mixing the pre-diluted formaldehyde gas from the premixed tank with dry and wet 
nitrogen gas. Importantly, in all cases, gas stream concentrations and relative humidity 
were confirmed by in-line analysis using an FTIR multi-gas analyzer, MKS Instruments 
model 2030. MKS digital mass flow controllers were used to achieve the desired 
concentrations and relative humidity (see Scheme 9). For high concentrations of 
formaldehyde (i.e., 15 and 20 ppm), gas streams were produced by flushing dry nitrogen 
through a Teflon tube containing a paraformaldehyde fine powder, and mixing with dry 
and wet nitrogen gas.  
 
Scheme 9. Gas mixing rig used for exposure of colorimetric sensor arrays. The box 
labeled “switch” is actually a series of three three-way valves, which allows for 
venting and also diversion of analyte stream to the MKS multi-gas analyzer. MFC = 
mass flow controller.24 
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Again concentrations were confirmed by in-line FTIR analysis. For all sensing 
experiments, the arrays were imaged on an ordinary flatbed scanner (Epson Perfection 
V200); the before-exposure image was acquired after 2 min. flow of 50% RH N2 flow at 
500 sccm. After-exposure images were acquired every minute again at 500 sccm. 
Difference maps were obtained by taking the difference of the red, green, and blue (RGB) 
values from the center of every colorant spot (~300 pixels) from the “before” and “after” 
images; all difference maps shown here are averages of multiple trials. Digitization of the 
color differences can be performed using Adobe PhotoshopTM or with a customized 
software package, ChemEyeTM. The chemometric analysis was carried out on the color 
difference using the Multi-Variant Statistical PackageTM (MVSP v.3.1, Kovach 
Computing); in all cases, minimum variance (i.e., “Ward’s Method”) was used for the 
HCA clustering. 
5.3.2. Results and Discussion 
The inexpensive and disposable array was imaged using an ordinary flatbed scanner, 
as described elsewhere for other colorimetric sensor arrays.19-23 For each spot in the 
array, the red, green, and blue values were measured before and after exposure to gaseous 
formaldehyde and color difference maps were generated. As shown in Figure 5.9a, after 
one minute exposure of 20 ppm (IDLH) formaldehyde, obvious color changes are readily 
observed even by eye. Simply subtracting the original control image from the sample 
image provides a color change profile. Figure 5.9b shows the titration curve of six 
different pH indicators doped into a PEG polymer blended with a small amount of the 
same PEG with amine termination after exposure to 20 ppm formaldehyde for one 
minute. Amine-PEG concentrations of ~0.7 wt% gave the largest overall color changes.  
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Figure 5.9. (a) Image of the array before and after one minute exposure 
(500 sccm) to formaldehyde at 20 ppm at 298K and 50% RH and the 
color-change profile. Different polymeric amine weight percentages are 
listed for six pH indicators. (b) Colorimetric response (i.e., 
(ΔR2+ΔG2+ΔB2)½) of each pH indicator versus polymeric amine wt% 
after one min exposure to 20 ppm formaldehyde; note indicator 
abbreviations.24 
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Figure 5.10. Colorimetric response (i.e., ΔR2+ΔG2+ΔB2)½) of each pH 
indicator versus response time at various polymeric amine wt. % after 
exposure 20 ppm formaldehyde, at 500 sccm, 50% relative humidity 
and 298 K.24 
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The response of these polymer films to formaldehyde is very rapid: as shown in Figure 
5.10, the response to 20 ppm formaldehyde is generally >90% complete in less than one 
minute. 
The colorimetric response of these polymeric films can be used for quantitative 
analysis of formaldehyde concentrations. After a one minute exposure to formaldehyde at 
different concentrations, the array shows different color change patterns which are easily 
distinguished by eye even without statistical analysis (cf. Figure 5.11). For quantitative 
comparisons, a simple statistical approach, hierarchical cluster analysis (HCA),25-27 was 
used. HCA is a model-free classification scheme based on the grouping of the analyte 
vectors (i.e., changes in RGB values) by Euclidean distances in their full dimensionality. 
Figure 5.12 shows the HCA dendrogram for one min exposures to gaseous formaldehyde 
concentrations ranging from 20 ppm (IDLH) down to 250 ppb (i.e., 1/3 of PEL). 
Remarkably, in quintuplicate trials, all concentrations showed tight clustering with no 
errors or misclassifications out of 50 cases.  
One may also base a quantitative analysis simply on the total response of the array 
(i.e., total Euclidean distance of changes in RGB), as shown in Figure 5.13. By increasing 
the exposure time of the array, we are able to quantify formaldehyde concentrations to as 
low as 50 ppb.  Color difference maps and the HCA dendrogram (cf. Figure 5.14) shows 
that 50 ppb, 75 ppb, 100 ppb and a control were accurately identified after 10 minutes of 
exposure. 
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Figure 5.11. Color difference maps of formaldehyde at nine different 
concentrations after 1 minute exposure at 500 sccm, 50% relative 
humidity and 298 K. For display purposes, the color range of these 
difference maps are expanded from 4 to 8 bits per color (RGB range of 
4-19 expanded to 0-255), except for control and several weak responses 
that are marked with an asterisk (RGB range of 2-5 expanded to 0-
255).24 
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Figure 5.12. Hierarchical cluster analysis (HCA) for formaldehyde at 
different concentrations. All experiments were performed in 
quintuplicate and exposures lasted one minute; no confusions or errors 
in classification were observed in 50 trials, as shown.24 
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Figure 5.13. The total Euclidean distance of the color change of the 
array versus formaldehyde concentration. The Euclidean distance is 
simply the total length of this 90-dimensional color-difference vector.24 
                          (a) 
 
Figure 5.14. (a) Color difference maps of formaldehyde at 100 ppb, 75 
ppb, 50 ppb, and a control after 10 minutes of exposure. For display 
purposes, the color range of these difference maps are expanded from 2 
to 8 bits per. (b) Hierarchical cluster analysis (HCA) for formaldehyde 
at 100 ppb, 75 ppb, and 25 ppb concentrations and a control. All 
experiments were performed in quintuplicate trials.24 
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For many prior formaldehyde detection techniques, interference stemming from changes 
in relative humidity and/or temperature is highly problematic in real world applications. 
For this reason, we have selected hydrophobic colorants and an extremely hydrophobic 
PVDF membrane to minimize the effects of changing humidity. The array itself is 
unaffected by changes in relative humidity from 10% to 90% compared to 50% relative 
humidity, as shown in Figure 5.15. Humidity effects during formaldehyde detection were 
also evaluated, and only minor effects were observed at high humidity (as expected for 
the dehydration reaction between the amine group and formaldehyde, cf. Figure 5.16). 
Temperature changes (from 4 to 50 ºC) did not significantly affect influence the overall 
response (Figure 5.17). 
Acetaldehyde, butyraldehyde, and benzaldehyde were also tested to evaluate the 
selectivity of our method. None of these aldehydes showed any significant response at 
~15 ppm even after five min exposure (Figure 5.18). The high selectivity stems from 
decreased charge (and hence diminished electrophilicity) of the carbonyl carbon in 
substituted aldehydes compared to formaldehyde. Even acetaldehyde showed only a very 
weak response at high concentrations, above 200 ppm. 
To discriminate formaldehyde from potential acidic or basic interferent vapors, we 
added a row of several pH indicators in neutral or base-treated forms (Table 5.2). These 
added indicators permit discrimination of formaldehyde from other acidic or basic 
interferents, e.g., SO2, NO2, NH3, etc. These control spots help to prevent false positives, 
since formaldehyde itself does not trigger a response from the non-amine polymer films 
of pH indicators. This array has been extensively tested against 10 common interferents:  
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Figure 5.15. The response of array to variations in humidity from 10% 
to 90% RH; average of three trials is shown. For display purposes, the 
color range of these difference maps is expanded from 4 to 8 bits per 
color (RGB range of 4-19 expanded to 0-255).24 
 
 
Figure 5.16. Difference maps of the colorimetric sensor array for 
formaldehyde at 1.5 ppm at different relative humidities at room 
temperature, after one minute exposure time, 500 sccm. For display 
purposes, the color range of these difference maps are expanded from 4 
to 8 bits per color (RGB range of 4-19 expanded to 0-255).24 
 
 
Figure 5.17. Difference maps of the colorimetric sensor array for 
formaldehyde at 1.5 ppm concentration at 50% RH and different 
temperatures, after one minute exposure time, 500 sccm. For display 
purposes, the color range of these difference maps are expanded from 4 
to 8 bits per color (RGB range of 4-19 expanded to 0-255).24 
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Figure 5.18. Difference maps of the colorimetric sensor array for several 
aldehydes at room temperatures and 50% RH, after five minute 
exposure time. For display purposes, the color range of these difference 
maps are expanded from 4 to 8 bits per color (RGB range of 4-19 
expanded to 0-255).24 
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Figure 5.19. (a) The compositions for several vapor phase interferents. 
(b) Difference maps of the colorimetric sensor array for 10 interferents 
after one minute exposure at 500 sccm. For display purposes, the color 
range of these difference maps are expanded from 4 to 8 bits per color 
(RGB range of 4-19 expanded to 0-255). Interferents tested:  second-
hand smoke, diesel fuel exhaust, gasoline exhaust, floor stripper, 
Windex®, Fantastik®, and Clorox® bleach at 2% of their saturation 
vapor concentrations; sulfur dioxide and nitrogen dioxide at their 
respective PEL concentrations; and the carbon dioxide concentration at 
~375 ppm (i.e., approximately ambient atmospheric concentration).24 
 
  
http://www.kleanstrip.com/
Windex:
Ammonia
Ethylene glycol n- hexyl ether – 0.1-1.0%
Isopropanol– 1-5%
2- Butoxylethanol
Klean-Strip, Floor Stripper:
Dichloromethane – 30-50%
Methanol – 10-20%
Toluene – 1-10%
Nonylphenol Ethoxylate– 1-5%
Acetone – 10-30%
Xylene (mixed isomers) – 1-10%
Polymers
Clorox Bleach:
Sodium Hypochlorite
Hypochlorous Acid, Sodium Salt
http://www.biosci.ohio-state.edu/safety/MSDS/
CLOROX%20LIQUID%20BLEACH.htm
http://www.herc.org/library/msds/windex.htm
http://www.scjohnson.com/msds_us_ca/PDFs/
126000009_Windex_Original_Streak_Free_
Shine_Glass_Cleaner.PDF
Gasoline Exhaust:
Acetaldehyde, Acrolein, Benzene, 
Chlorobenzene, CO, CO2, Ethylbenzene, 
Formaldehyde, H2O, HCN, Methanol, NO2, 
p-Xylene,  Phenol, SO2, Styrene, Toluene
2nd Hand Smoke:
>4000 compounds
Arsine, Benzene, Ethylene Oxide, 
Formaldehyde, HCN, NH3
Diesel Fuel Exhaust:
Acetaldehyde, Acrolein, Benzene, 
Chlorobenzene, CO, CO2, Ethylbenzene, 
Formaldehyde, H2O, HCN, Methanol, NO2, 
p-Xylene,  Phenol, SO2, Styrene, Toluene
CO2 :7500ppm
CO :1800ppm
Toluene :140ppm
Ethylenebenzene : 60ppm
p- Xylene              ： 26ppm
Phenol         :   210ppm
P- Xylene :      100ppm
Benzene       :     100ppm
Acetaldehyde :   90 ppm
SO2              :      35 ppm
CO2             :  18000ppm
CO           :   170ppm
SO2            :    14ppm
Styrene   :        8ppm
Chlorobenzene: 8ppm
Gasoline Exhaust Fantastik Floor Stripper Clorox BleachDiesel Exhaust
CO2Windex SO2 5 ppm (PEL)
Formaldehyde (IDLH)
NO2 5 ppm (PEL)2nd Hand Smoke Control
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Table 5.2. List of indicators and formulations for interferents test. 
Spot #  Name
1 Methyl Red + Formulation I 
2 Bromocresol Purple + Formulation I 
3 4-Nitrophenol + Formulation I 
4 Alizarin + Formulation I 
5 Nitrazine Yellow + Formulation I 
6 Bromoxylenol Blue + Formulation I 
7 Methyl Red + Formulation II 
8 Bromocresol Purple + Formulation II 
9 4-Nitrophenol + Formulation II 
10 Alizarin + Formulation II 
11 Nitrazine Yellow + Formulation II 
12 Bromoxylenol Blue + Formulation II 
13 Methyl Red + Formulation III 
14 Bromocresol Purple + Formulation III 
15 4-Nitrophenol + Formulation III 
16 Alizarin + Formulation III 
17 Nitrazine Yellow + Formulation III 
18 Bromoxylenol Blue + Formulation III 
19 Methyl Red + Formulation IV 
20 Bromocresol Purple + Formulation IV 
21 4-Nitrophenol + Formulation IV 
22 Alizarin + Formulation IV 
23 Nitrazine Yellow + Formulation IV 
24 Bromoxylenol Blue + Formulation IV 
25 Methyl Red + Formulation V 
26 Bromocresol Purple + Formulation V 
27 4-Nitrophenol + Formulation V 
28 Alizarin + Formulation V 
29 Nitrazine Yellow + Formulation V 
30 Bromoxylenol Blue + Formulation V 
31 Methyl Red + Formulation VI 
32 Alizarin + Formulation VI 
33 Nitrazine Yellow + Formulation VI 
34 Methyl Red + TBAH + Formulation VI 
35 Alizarin + TBAH + Formulation VI 
36 Nitrazine Yellow + TBAH + Formulation VI 
Spot numbering from left to right, top to bottom for 6x6 array shown in Figure 1.The first 30 spots are identical with Table S1. 
TBAH:  1.0 M tetrabutylammonium hydroxide in 2‐methoxyethanol; amino‐PEG: poly(ethylene glycol) bis(3‐aminopropyl)terminated 
Formulation I: amino‐PEG (100mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation II: amino‐PEG (200mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation III: amino‐PEG (300mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation IV: amino‐PEG (500mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation V: amino‐PEG (750mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
Formulation VI: PEG 1500 (300mg) + Benzyl butyl phthalate (500mg) + PEG 400 (300mg) + 10mL 2‐Methoxyethanol 
258 
 
second-hand smoke, diesel fuel exhaust, gasoline exhaust, floor stripper, Windex, 
Fantastik, and Clorox bleach at 2% of their saturation vapor concentrations; SO2 and NO2 
at their respective PEL concentrations; CO2 at ~375 ppm (i.e., ambient conc.) (Figure 
5.19). Only Windex and SO2 provided significant interference, but the additional 
indicators prevented false positives.  
The shelf-life of the printed arrays is excellent, with consistent responses even after 
they are stored for more than one month after printing. Using these arrays as a screening 
tool, we have generated a minimalist colorimetric sensor for formaldehyde detection 
consisting of three spots: bromoxylenol blue in a 0.6 wt.% amine-PEG film for 
formaldehyde detection, and bromoxylenol blue and basic nitrazine yellow in a non-
amine PEG film as false-positive discriminators against acidic and basic interferents, 
respectively (Figure 5.20). 
5.3.3. Conclusions 
In summary, we have developed a quite simple and highly sensitive colorimetric 
detection method for gaseous formaldehyde. Using ordinary pH indicators in an amine-
functionalized polymer film, one can discriminate formaldehyde concentrations over a 
wide range: from 20 ppm (IDLH) down to 250 ppb within one minute and down to 50 
ppb (7% of PEL) within 10 min. These color changes are easily observed even by eye. 
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Figure 5.20.  A simplified formaldehyde sensor showing the response 
after 1 minutes exposure (1~9 ppm) or 10 minutes exposure (50~750 
ppb).  The top spot is used for detection of formaldehyde and consists of 
bromoxylenol blue in a 0.6 wt.% amine-PEG film; the bottom two spots 
(left and right) are indicators for acidic and basic interferents vapors 
(respectively) and consist of bromoxylenol blue (lower left spot) and 
tetrabutylammonium hydroxide treated nitrazine yellow (lower right 
spot) in a non-amine PEG film. 
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